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Abstract
In this thesis, we address the problem of identifying if users are attempting to re-find
information (textual and non-textual, such as news, and images) and estimating the
level of difficulty of the re-finding task. Identifying re-finding tasks and detecting
search difficulties will enable search engines to respond dynamically to the search task
being undertaken. To this aim, we conduct user studies and query log analysis to make
a better understanding of re-finding tasks and search difficulties. Computing features
particularly gathered in our user studies, we generate training sets from query log data,
which is used for constructing automatic identification (prediction) models. Using
machine learning techniques, our built re-finding identification model, which is the
first model at the task level, could significantly outperform the existing query-based
identifications. While past research assumes that previous search history of the user is
available to the prediction model, we examine if re-finding detection is possible without
access to this information. Our evaluation indicates that such detection is possible,
but more challenging. We further describe the first predictive model in detecting
re-finding difficulty, showing it to be significantly better than existing approaches
for detecting general search difficulty. We also analyze important features for both
identifications of re-finding and difficulties.
Next, we investigate detailed identification of re-finding tasks and difficulties in
terms of the domain type of the document to be re-found, which is referred to as
a vertical. The verticals are not limited to textual information, but also non-textual
domains, such as images and movies, are also considered. The accuracy of constructed
predictive models indicates that re-finding tasks are indeed distinguishable across ver-
ticals and in comparison to general search tasks. This illustrates the requirement
of adapting existing general search techniques for the re-finding context in terms of
presenting vertical-specific results. Despite the overall reduction of accuracy in predic-
tions independent of the original search of the user, it appears that identifying “image
re-finding” is less dependent on such past information. Investigating the real-time pre-
diction effectiveness of the models show that predicting “image” document re-finding
obtains the highest accuracy early in the search. Generally, early predictions would
benefit search engines with adaptation of search results during re-finding activities.
Furthermore, we study the difficulties in re-finding across verticals given some of the
established indications of difficulties in the general web search context. In terms of
user effort, re-finding “image” vertical appears to take more effort in terms of number
of queries and clicks than other investigated verticals, while re-finding “reference” doc-
xv
uments seems to be more time consuming when there is a longer time gap between the
re-finding and corresponding original search. Exploring other features suggests that
there could be particular difficulty indications for the re-finding context and specific
to each vertical.
To sum up, this research investigates the issue of effectively supporting users with
re-finding search tasks. To this end, we have identified features that allow for more
accurate distinction between re-finding and general tasks. This will enable search
engines to better adapt search results for the re-finding context and improve the users’
satisfaction. Moreover, features indicative of similar/different and easy/difficult re-
finding tasks can be employed for building balanced test environments, which could
address one of the main gaps in the re-finding context.
xvi
Chapter 1
Introduction
Information re-finding is an important type of search task, where people search for
information that was seen previously. This type of task comprises an estimated 40-
80% of web search requests. Search systems need to support both general search
and re-finding tasks; they should therefore adapt search results to the search task
being undertaken. Some techniques currently used by major search systems might not
be applicable for re-finding context, and might even make re-finding more difficult.
Therefore, it is necessary to be able to distinguish re-finding tasks from general search
tasks. On the other hand, conducting research to enhance the effectiveness of search
systems in the re-finding context is limited, mainly because of evaluation challenges.
One of the main constraints in building a standard test environment is the lack of
understanding about re-finding tasks, which is due to the privacy and variety of these
tasks among users. This requires further differentiation within re-finding tasks.
Although re-finding tasks are varied and dependent on users, it is possible to dif-
ferentiate tasks by considering their underlying features without violating the privacy
of the users. One strong indication for differentiating tasks is the level of task diffi-
culty. In this research, we explore a broad range of features in identifying re-finding
tasks and distinguishing re-finding from general web search, and also examine different
levels of difficulties in re-finding. This project has implications for the adaptability
of search results and comparability of search tasks in the re-finding context. In this
chapter, we explain the underlying motivation of studying re-finding tasks and search
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difficulties, and also introduce the structure of this thesis.
1.1 Motivation and Problem Statement
An ever-increasing amount and variety of information makes search a challenge. Par-
ticularly, search tasks might be more difficult to accomplish when the user is looking
for one specific document, after a while (i.e. re-finding). Although some re-finding sys-
tems (also referred to as services or tools) have been developed, there is great potential
for improvement in terms of retrieval effectiveness and user satisfaction (Elsweiler and
Ruthven, 2007; Elsweiler et al., 2011d).
1.1.1 Lack of Adaptation
Current search engines are not optimal for re-finding tasks because they do not adapt
their search results. One reason could be because it cannot be identified whether
the user is re-finding or is searching for new and diverse documents (particularly in a
difficult situation).
A user might not remember the exact keywords that they submitted previously,
and only remember the sense of information, so they are not able to repeat the search
(an example of mis-remembering is shown in Figure 1.1). Research has shown that
people mis-remember the previously submitted query keywords 30% of the time, even
after one hour (a study by Teevan et al. (2007)). However, current search engines
mainly rely on the repetitions of queries and clicks to be able to guide the user in
re-finding tasks.
On the other hand, there might be situations when the user is submitting the same
query keywords that they had submitted previously, but with a different information
need. In these situations, search engines might offer previously seen results to the
user, while the intent of the user is different. An example of such a situation is
illustrated in Figure 1.2. In this figure, the user is looking for a new document and
when he starts querying with “william we...”, the previously submitted query was
suggested, i.e. “william webber assessor detailed guideline”. Even by making the
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Figure 1.1: An example of not remembering exact keywords in re-finding tasks.
new search intent more specific in the query (i.e. “imbalanced dataset legal track
william webber”, the previously clicked result (titled “Effect of Written Instructions
on Assessor Agreement”) is ranked higher.
Furthermore, there are some general search services that might not be applicable
for the re-finding context, which further shows the requirement of adaptations. For
example, major search engines merge the search results from different verticals (e.g.
news, images, videos, and so on) to better satisfy the information need of the user;
however, in the re-finding context, the user is looking for a specific document in a
particular vertical, and presenting diverse results might not be helpful for the user.
These examples indicate the requirement of differentiating re-finding from general
search tasks, particularly using indications independent of the content of queries or the
search history of the user (e.g using the behavioural indicators). This differentiation
will enable search engines to adapt search results based on the underlying task of the
user. Moreover, if the difficulty of the task can be identified, particular services can
be offered to the user to help them in addressing their search needs. The distinctions
specifically in terms of task difficulty can also be useful for researchers in building test
environments, which will be discussed in Section 1.1.2.
1.1.2 Lack of Evaluation
Conducting research to enhance the effectiveness of search systems in the re-finding
context is limited, mainly because of evaluation challenges. One of the main con-
straints in building a standard test environment in this context is the lack of under-
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Figure 1.2: An example when a search engine might offer previously seen documents
to the user when they are submitting the same keywords with a different intent.
standing about re-finding tasks, which is mainly due to the privacy and variety of
these tasks among users (Elsweiler and Ruthven, 2007).
To compare the effectiveness of search systems in the re-finding context, identi-
fying common search tasks is of key importance. For example, Kelly and Teevan
(2011) proposed building a shared collection of common tasks instead of studying
tasks in separate research groups. Common tasks for evaluation purposes have also
been suggested in other disciplines such as HCI (Human Computer Interaction). For
instance, Whittaker et al. (2000) introduced reference tasks with the goal of com-
paring interaction techniques. However, it is challenging to identify common search
tasks, particularly in the re-finding context, due to the variety of search needs among
different users.
Addressing the evaluation problem requires differentiation within re-finding tasks.
To overcome this problem, we propose to incorporate the underlying features of tasks.
These features, being more general in nature, can support the identification of com-
monalities across different tasks in terms of their components. Thus, although re-
finding tasks are varied and dependent on users, it is possible to differentiate tasks
by considering their underlying features without violating the privacy of the users.
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However, current examined features in the re-finding context are typically limited to
user’s self-reported features (e.g. topic familiarity) (Capra, 2006). One strong indica-
tion for differentiating tasks is the level of task difficulty (Liu et al., 2010). In general
web search, behavioural features in search engine use have been highlighted as the
main indication for task difficulties in comparison to the other features, such as topic
or search experience (Liu et al., 2012b). However, there is a lack of understanding
about user’s search behaviour in the re-finding context, and how the behaviour of
the user changes in easy and difficult situations. Understanding about these features
will enable researchers to create a balanced test environment for further comparing
re-finding systems.
1.2 Research Goals: Differentiation
From the discussions in the previous section, it can be concluded that task differen-
tiation is required in the re-finding context to a) distinguish re-finding from general
search tasks; and b) make distinctions within re-finding tasks particularly in terms of
task difficulty.
1.2.1 Identification of Re-finding
One of the main goals in this thesis is to differentiate re-finding from general search
tasks, particularly in terms of behavioural search features. This differentiation will
be discussed at two levels of granularity. At the first level, a generic re-finding task
is distinguished from the general web search; whereas at the second level, re-finding
is considered with the domain type of the target document (i.e. “news”, “image”,
“video” and so on) to be compared against a general search. In the latter granularity,
we explore whether contextual factors such as the domain of the document could
affect the way that users re-find, and how this more fine-grained re-finding differs from
general search. In other words, considering the domain type of a user’s information
need, we explore distinctions both within re-finding tasks, and with the general search
context.
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1.2.2 Difficulty in Re-finding
The second aim of this research is to identify when users have difficulty in re-finding
(i.e. identification of difficult re-finding). This is important not only for the purpose of
adapting search results, but could also enable researchers to design more balanced eval-
uation experiments with different levels of task difficulties. In this project, we examine
a broad range of behavioural search features for identifying re-finding difficulties. This
could also provide better understanding of re-finding task types, since relationships be-
tween search difficulties and types of tasks have been established in general web search
using behavioural measures. Particularly predictive difficulty models have been estab-
lished in the general search context to help search engines for adapting results (Liu et
al., 2012b). We examine these models for the re-finding context for the first time.
1.2.3 Implications for Re-finding Services
Through developing the identification models that were explained as the goal of this
research, re-finding and search difficulties can be distinguished from general search
context. On top of this knowledge, new re-finding services can be further developed
to help the user in re-finding tasks. Some examples of such services are explained in
this section.
Recall services This category of services is related to help users at the time of
querying. General services can be proposed to help the user in recalling the way
to express their information needs. Some examples include query suggestion and
auto completion, particularly for correcting mistakes that people make in re-finding
information.
Recognition services This category of services can help users in recognizing the
target document, for example by presenting related answers or some hints to reach to
the target document. Some examples include customizing snippets and thumbnails
with memorable information items, narrowing types of search results to the specific
domain of the target document.
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Overall, the identification models that are proposed in this research will enable a
further development of customized services to effectively support users in re-finding
tasks.
1.3 Research Questions
To address the proposed goals in this project, three main research questions were
explored:
1.3.1 RQ 1 - Ground Truth Data for Differentiation
As a requirement for studying re-finding behaviour, and in particular to build models
to differentiate features for re-finding identification and difficulty detection, ground
truth datasets are needed. To generate ground truth datasets, user’s self-assessed
perceptions need to be collected. However, it is not always practical or feasible to
collect self-reported data from the searchers (as re-finding tasks repeat over time, the
user needs to report the data repeatedly, in particular over a long period for a large
scale analysis). It is also challenging to conduct controlled user studies in re-finding
context, as there should be a real motivation for the user to find a previously seen
document, and providing a controlled or simulated situation for the user might not
result in actual re-finding behaviour.
To address this issue, we investigate indications of re-finding and difficulties from
the viewpoint of external assessors. As a way of exploring how consistently human
assessors are able to identify re-finding and detect the level of task difficulty, we
examine the agreement between assessors:
RQ 1-1) Can human assessors consistently agree on identifying re-
finding tasks, and levels of user difficulty in carrying out such tasks?
To generate reliable ground truth data, different factors that can affect the level of
agreement between assessors should be considered. For this purpose, two key factors
representative of system performance and searcher behaviour are examined in this
research question:
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RQ 1-2) Do contextual type of factors affect the level of agreement
between assessors in identifying re-finding and difficulties?
1.3.2 RQ 2 - Differentiation and Prediction
Using the knowledge from the previous research question, ground truth data can be
generated and re-finding identification models can be examined. Current re-finding
identification models predict whether it is likely that the user would click on a pre-
viously searched document given they submitted the same query. As the goal of this
research is to identify also difficult re-finding tasks, prediction of re-finding beyond a
single query and at the level of task is crucial; given that a user who is struggling in
re-finding information will likely engage in multiple search queries.
We examine the identification of re-finding, and investigate the first predictive
model for identifying re-finding tasks. In terms of groups of features and their impor-
tance, different prediction models can be analysed. Particularly there is a question
of how accurate these models are independent of search history of the user, when
such information is not available. These issues are explored in the following research
question:
RQ 2-1) How can re-finding tasks be differentiated from general web
search tasks?
Investigating general search difficulty, research has shown that it is useful for IR
systems to identify when the user is struggling, where systems could consequently
adapt search results. However, different search tasks induce different types of dif-
ficulties. We therefore investigate identification models for predicting difficulty in
re-finding tasks, and compare the performance against the identification of difficulties
in general search:
RQ 2-2) What features characterize the difficulty of the user task in
re-finding information?
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1.3.3 RQ 3 - Vertical Differentiation
As an illustration of a search service that requires differentiating tasks is the aggrega-
tion of search results from different domains (i.e. vertical), which is one of the common
services employed by current search engines to better satisfy the information needs of
users. Based on the domain type of the target document in a re-finding task, particu-
lar aggregation of vertical results might be required. This initially requires examining
whether re-finding across different verticals can be identified, which we explore in the
following question:
RQ 3-1) What features are effective in distinguishing re-finding tasks
in different verticals?
From the previous question, given that the underlying search features of re-finding
tasks can be differentiated based on the vertical type of the target document, the
development of identification models can be examined. Particularly the differentiation
of re-finding tasks across verticals can be compared against a general search:
RQ 3-2) How predictable is re-finding within each vertical in contrast
to searches that are not re-finding?
Getting back to the importance of detecting task difficulty for adapting search
results (as discussed in the previous section), the difficulty of re-finding tasks can be
further examined in terms of the underlying vertical of the target re-finding document.
The adaptation of search results particularly is required for verticals to which the user
is struggling in re-finding:
RQ 3-3) What are the types of vertical documents that users have more
difficulty in re-finding?
1.4 Thesis Outline
This thesis is structured as follows. In this chapter, Chapter 1, an introduction to
the research problem, motivations, goals, and an overview of main research questions
are explained. In Chapter 2, past research in studying re-finding tasks and identified
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gaps in this context are described. Particularly, re-finding tasks are categorized under
different search applications, and different search features are discussed.
As an initial exploration in this project, preliminary surveys in a set of focus group
and one-on-one interviews were conducted to identify the landscape of re-finding tasks
and difficulties that users have in this context. The gathered examples and re-finding
difficulties are explained in Chapter 3.
Following a clearer understanding on the landscape of re-finding tasks and under-
lying task features from the literature review and initial surveys, we further focused on
query log analyses in the main content of this thesis to study re-finding tasks particu-
larly from a behavioural aspect. Query log analysis has been established in the general
search context in identifying behavioural indications for search tasks and user’s diffi-
culty. In Chapter 4, fundamental approaches for the segmentation of query logs are
introduced, and a descriptive analysis of re-finding statistics is provided. Terminology
used in all chapters on query log analyses is presented and defined.
The first main research question of this project (RQ 1 in Section 1.3.1), which is
studying the agreement of human assessors in identifying re-finding tasks and search
difficulties, is discussed in Chapter 5. The findings from this chapter not only con-
tribute to the context of re-finding, but also have implications for other labelling
contexts.
Using knowledge from assessor agreement, ground-truth datasets were generated
to construct predictive models for identification of re-finding and detecting search
difficulties in Chapter 6, which addresses the second main research question (RQ 2
in Section 1.3.2).
The last research question of this thesis (RQ 3 in Section 1.3.3), which is about
differentiating re-finding and search difficulty across different verticals, is addressed in
Chapter 7.
The final Chapter 8 draws conclusions from all explorations in this thesis and
explains future avenues where current work can be continued.
Following the main chapters, an appendix part is presented where detailed de-
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scription of some explorations in this thesis are explained. The first appendix, Ap-
pendix A, describes reviewed task characteristics in Chapter 2 in more details. In
Appendix B, examples of re-finding tasks and difficulties from user surveys in Chap-
ter 3 are presented. In the next appendix, Appendix C, an initial exploration on the
power of search features in differentiating re-finding tasks is explained, which shows
the importance of re-finding features and feasibility of conducting main explorations
in this thesis. In Appendix D, a detailed description of features, which are used in
Chapters 6 and 7 for the identification of re-finding tasks and search difficulties, is
provided.

Chapter 2
Research Background
In this chapter we investigate past research on re-finding information. Particularly the
underlying features of tasks effective in differentiating within re-finding tasks and also
in comparison to general search context have been highlighted. The key terminology
that is used in the rest of this thesis is defined in this chapter.
2.1 Re-finding: Dominant Personal Search Task
Re-finding information that the user has seen is defined as the dominant search task
in a personal search context (e.g. as mentioned by Elsweiler and Ruthven (2007);
Kim and Croft (2009); Capra (2006)). Personal search covers a range of areas in-
cluding: desktop search for retrieving documents on personal computers (e.g. studies
by Cutrell et al. (2006); Dumais et al. (2003)); and known-item search when the doc-
ument to be searched has been seen before, even on public sources like the web (e.g.
studies by Elsweiler and Ruthven (2007); Kim and Croft (2009)). Moreover, in the
latter studies, personal search is highlighted as one of the key components for Personal
Information Management (PIM) systems. PIM systems are focused on the methods
that individuals use to manage their personal information including gathering, or-
ganizing, maintaining and retrieving on a daily basis (Lansdale, 1988; Jones, 2007;
Teevan et al., 2006); where personal search is concentrated on the retrieval part. To
better understand the space of re-finding tasks in the personal search context, first we
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need to define the personal information, which is discussed in the following section.
2.1.1 Re-finding in Personal Information Retrieval
There are different definitions of personal information in literature. With the focus on
the personal aspect of PIM systems, in a study by Jones (2008) personal information
is defined as “1) information controlled or owned by us; 2) information about us; 3)
information directed towards us; 4) information sent to others by us; 5) information
experienced by us; and 6) information relevant to our needs”.
In another study by Jones and Bruce (2007), personal information has been dis-
cussed in several senses including: “1) information people keep for their own personal
use; 2) information about a person but possibly kept by and under the control of oth-
ers; 3) information experienced by a person even if this information remains outside
a person’s control”.
In comparing personal information with publicly available information, a PIM
study by Whittaker (2011) presents information from consumption to curation as
“consumer characterization which regards information as a public resource containing
novel data that we seek out, consume and then discard”, while “familiar information
is used a personal resource that we keep, manage and (sometimes repeatedly) exploit.
I call this information curation”.
From the above definitions, it can be concluded that personal information is not
limited to personal spaces such as desktop computers, it includes public information
sources like the web. These personal information senses have been summarized in two
main aspects in a study by Elsweiler et al. (2011d) that are: information that has been
seen before by the person, and information about the person. The main point about
the re-finding type of task is that the target information has been seen previously;
which is related to the first aspect of the summarized definition for personal informa-
tion. Most of the studies on the personal search context, which will be discussed in
the next sections, are focused on the dominant type of personal information retrieval,
which is re-finding. That is why in this thesis, we focus on this type of personal search.
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2.1.2 Re-finding versus General Search Task
Note that the general concept of task is referred to as an atomic information need of
the user (e.g. in a study by Jones and Klinkner (2008)). To contrast with re-finding,
all other types of search tasks are referred to as general search in this thesis.
In terms of differences between re-finding and general search, some main points
have been discussed by Jones and Bruce (2007). The differences come from the prior
experience of the user in re-finding. This personal experience can bring different levels
of knowledge in relation to the target information (known item), and different levels of
expectation to satisfy the need (exact match). Jones and Bruce argued that relevant
information can be recognized more easily in re-finding, since the target has been
seen before. However, sometimes recognizing relevant information in general finding
is easier; for example when users do not have the knowledge of the best existing match,
and they will be satisfied with a result appeared earlier in top results (Jones and Bruce,
2007). Similar to the prior experience, the prior frequency has been highlighted in a
study by Capra (2006) in distinguishing re-finding tasks. In other words, re-finding is
not only distinguishable from general finding by occurring in different search sessions,
but also sometimes by the frequency of the task in the same session.
On the other hand, some points of similarity between re-finding and general search
have been proposed, for example where both search needs should be addressed by the
same tools (Jones and Bruce, 2007). In another study by Ruthven and Kelly (2013),
re-finding has been defined as a condition that users apply on a general finding task,
where a re-finding task of one user can be viewed as a general finding for another user.
The same view has been highlighted by Capra (2006) as well. In this thesis, we will
explore both views on re-finding tasks.
From discussed studies in this section, the typical retrieval request in the personal
context has been mentioned as re-finding known information items. The prior experi-
ence to the information makes re-finding different from general search tasks. However,
in some conditions (as mentioned above, e.g. addressing both tasks using the same
tool), re-finding can be seen the same as a general finding. This motivated us to explore
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re-finding characteristics from both personal and general finding studies. Particularly
the behavioral characteristics of re-finding tasks have not been well-investigated in
past research, as how different they are from general searches in terms of search be-
haviour. In this research, we explore these differences from three different viewpoints:
user perspective, automated classification, and differences considering the type of in-
formation sources (e.g. ‘image’, ‘news’, etc.). The corresponding research questions
for these explorations are RQ 1-1, RQ 2-1, and RQ 3-2 respectively, which have been
explained in Sections 1.3.1, 1.3.2, and 1.3.3.
2.2 Re-finding on Different Information Sources
In this section, past research on studying re-finding tasks are categorized based on
the underlying source of information including the web, email, desktop, and social
networks.
2.2.1 Web
Re-finding is an important type of search task in the web context. Examining a year
of web search logs, Teevan et al. (2007) determined that 40% of queries are attempts
to re-access previously seen information. If re-accesses in the same search session
are included, re-finding may account for up to 80% of user activity (Cockburn et
al., 2002). Previous research on web re-finding employed laboratory-based and log
analysis approaches to make a better understanding of re-finding.
Capra (2006) investigated how users re-find information on the web and what fac-
tors affect re-finding. For this purpose, he conducted laboratory-based studies in two
sessions. He mentioned that re-finding is not necessarily finding the exact information
item that has been seen before. He defined four types of re-finding including finding a)
exactly the same item, b) another item but on the same path, c) a subset of informa-
tion that has been seen before, and d) the same information but from another path,
since it has been moved. In other words, re-finding is not defined just for information
that you have seen before, but also for information that you know exists, but that
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has not yet been seen. Furthermore, since in his work re-finding was studied on the
web, it is probable that a (general) finding task for one searcher can be re-finding for
another. Although Capra acquired interesting findings in his studies, the elapsed time
between two sessions was relatively short, around one week, and so cannot reflect the
range of re-finding tasks with a longer gap from the original task.
Tyler and Teevan (2010) conducted a large-scale log analysis to get more infor-
mation on differences between finding and re-finding, in order to help search engines
to improve users’ search experience. In this study, they not only considered the char-
acteristics of re-finding queries, but also they investigated the behaviour of users on
the result page to find out what users do and why they might need such informa-
tion. Moreover, they observed different types of re-finding tasks in intra-session and
inter-session analyses.
In another study by Teevan et al. (2007), repeated queries from log data were
observed. In this work, authors found that these repeated queries did not necessarily
result in clicks on the same information as in the original query, but they can also
be submitted to gather new information on that topic. This adds a further aspect to
personal information, which is information that you have seen parts or facets of, but
not the facet that you are currently trying to find. This is similar to the re-finding
type that Capra (2006) introduced as the same path.
2.2.2 Email
Elsweiler et al. (2011d) conducted user studies to find how characteristics of queries
change in different re-finding situations. They used their findings to improve generated
queries of simulation approaches.
In understanding email re-finding behaviour, Elsweiler et al. (2011b) conducted
another study which was based on a longitudinal approach. By extracting re-finding
interactions from naturalistic logs, they were able to study features of email client
tools in re-finding information items and investigated what makes using those features
difficult.
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In other work by Elsweiler et al. (2008), email re-finding factors, particularly in
terms of users’ memory, were examined through conducting user studies. The factors
that authors considered in influencing memory include the last access time, task type,
characteristics of the user, and filing strategy.
2.2.3 Desktop
An important study in the desktop search context is “Stuff I’ve Seen (SIS)” by Dumais
et al. (2003), who proposed a unified search over desktop files, emails and web caches.
In this system, apart from local indexing, new ranking and interface designs were
explored. It was observed that in the desktop search context, since information is
related to individuals or has been seen by them, rich contextual signals should be
made available. The search system was deployed to a large number of users and the
qualitative and quantitative aspects of the system were analysed.
Another desktop search system, called “Phlat”, combined keyword search with
attribute-value search to enable users to find their information based on the attributes
and what they remember (Cutrell et al., 2006). Moreover, it supported a tagging
scheme to help users to return back to their information. This study concluded that
a key focus of systems like Phlat should be on the search interface in a way to take
advantage of whatever users remember about the information that they are looking
for, while for systems like SIS, the main concentration is on the system function and
performance. In Phlat, filters have been seen as structured queries that could be
augmented to the query box and consequently restrict search results based on the
selected attributes. Phlat provided multi-level attribute abstractions. For example, a
date filter can be applied as the received date of emails, access time of web-pages, or
event date of calendars. Furthermore, Phlat can flexibly search for arbitrary values,
not only pre-defined values.
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2.2.4 Social Networks
A number of studies have investigated integrating search over desktop and shared
social resources. The challenges of this integration have been documented by Zerr et
al. (2010), with the key challenges being:
• Supporting different shared data types and to be updated by changes in social
network resources.
• Different social resources from different platforms in terms of relevance and their
relation to user and consequently need for different ranking algorithms.
• Preserving the privacy of shared resources.
The researchers proposed a search algorithm based on modeling users’ relations
in a tree and propagated queries on this tree. In this kind of search, apart from the
relevance of the shared resource, the importance of its owner over the shared net-
work is considered too. Moreover, the relationship between the owner of the resource
and the querying user is taken into account. They found that some types of search
tasks can benefit benefit from this integration, such as searching for people or general
information; however, for location search, it does not bring any advantages.
Carmel et al. (2009) investigated personalized social search, studying how to im-
prove personalized rank results by employing user’s social activities. The authors
proposed three types of personalized social search by considering familiarity of the
user with others, similarity of the user’s activities with other people, and the overall
network consisting of both familiar and similar people. They found that incorporat-
ing social network strategies into personalization significantly outweighs topic-based
personalization that only considers user’s topic of interest.
2.2.5 Multiple Sources
Some studies are not limited to one information source but consider searching on the
web, emails and desktop files.
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One of these studies is work by Teevan et al. (2004) investigating the ways of
satisfying personally motivated information needs. They conducted a diary study
and found that people prefer browsing information in multiple steps (orienteering)
rather than pointing to the information by keyword search (teleporting), even if they
are looking for known-items. It was found that the orienteering preference could be
because current search tools do not enable users to teleport effectively. Nevertheless,
they found that there are a set of benefits in orienteering. One of the advantages is
cognitive ease, since users do not have to exactly express what they need. The other
advantage is that it helps people to better understand the trustworthiness of the
results. The last advantage that they observed in orienteering is the sense of location
which gives users an impression of being on the right direction. Furthermore, they
suggested using meta-data for browsing rather than keyword search, since specifying
an information need in keyword-based search is more difficult.
The work proposed by Zerr et al. (2010) in integrating desktop and social search
can also be considered as an instance of multiple-source search. However, it was
discussed in Section 2.2.4, since they proposed a search algorithm over users’ social
networks and considered the relationships between people in retrieving search results.
2.2.6 Blind Spots Coverage
Providing a single point of access to personal information, which is distributed on
different information sources, has been highlighted by Thomas and Hawking (2010). In
this study, it was shown that even integrating web search with desktop and enterprise
search cannot cover all the information sources. There are other information sources
such as subscription services and the deep web that need to be supported in this
unified search. For this meta-search model, they developed the PERS library to
enable searching all sources through the single interface.
Overall, from this section, it can be seen that although re-finding in different
information sources have been studied previously, re-finding across multiple devices
has not been explored yet. This might happen that people might need to re-find some
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information using a unified search tool across multiple devices, particularly when the
user does not remember where the information that they need is located. Moreover,
most of the past research has focused on textual re-finding, and other non-textual
types, such as movies or images, have not been well-investigated. In the third research
question of this study (RQ 3), as explained in Section 1.3.3, we explore re-finding
characteristics in both textual and non-textual types within re-finding tasks (RQ 3-
1), in comparison to general tasks (RQ 3-2), and in terms of task difficulty (RQ 3-3).
2.3 Current Differentiation: Task Classifications
In this section, we review previous studies on re-finding classifications, to identify
features that have been considered for differentiation within re-finding tasks. Fur-
thermore, we study existing classifications in the general search context, to compare
against the re-finding context.
2.3.1 Re-finding
The importance of classifications has been highlighted in studying finding and re-
finding tasks, particularly for personal information management systems (Capra, 2006).
It has been mentioned that it will help researchers to find what similar tasks are, and
how different task types are related in what factors. Having this in mind for our
evaluation purposes, in this section we survey re-finding classifications from previous
studies.
A classification particular to the re-finding context based on the granularity of
search results (size of target information) was proposed by Elsweiler and Ruthven
(2007). From their experiments, they found that there are three main types of re-
finding: lookup-item, one-item, and multi-items. In lookup-item, people are looking
for a specific piece of information; in one-item tasks, the whole document is needed,
and in multi-item, more than one document is needed. This taxonomy has been pro-
posed for searches of email messages and web pages. Nevertheless, some problems have
been mentioned for this taxonomy as some tasks cannot be classified under one specific
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class (combined task); some tasks are classified ambiguously (non-deterministic task);
and there are tasks that cannot be classified due to lack of information in activity logs
(unclassifiable task). These issues can indicate the incompleteness of the proposed
taxonomy by only considering the granularity characteristic.
Capra (2006) placed web re-finding tasks into four classes based on the similarity
of the item being re-found to the item found originally: exactly the same, on the
same path, subset, and moved. In the first class, user is going to repeat the same task
as in their original finding. The second class is related to those search tasks where
a user traverses the same path as finding, but searching for something else. If part
of the original found information is in the interest of user when re-finding, it would
be categorized in the third class. The moved class covers those searches where the
information has been re-located or deleted; for example when the location of a web
page is changed.
Repeat search behaviours have also been explored on the web, and a re-finding
classification, which is based on repeat keywords in the submitted query and clicked
results was proposed by Teevan et al. (2007). In this classification, two classes includ-
ing overlapping-click (with common results) and equal-click (with the same results)
are related to those searches that have different query instances, but repeat clicks.
However, as at the time of issuing queries, search engines are not aware of results
that are going to be clicked, another class regarding repeat query keywords has been
considered, that is equal-query (submitting the same query, but visiting disjoint web
pages). The last class in this taxonomy is the combination of equal-click and equal-
query, which is called navigational, for navigating to a specific website. This class has
been mentioned as a precise definition of re-finding, as the same query is submitted
and one same result is clicked.
From the memory aspect of re-finding tasks, types of context that are best remem-
bered by searchers have been examined in a study on memory and remembering (Kelly
et al., 2008). Here, context refers to the personal experience characteristics in using
or creating documents. This includes location, date, time, weather, source of docu-
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ment (here referred to as tools involved in using documents, e.g. Firefox or Microsoft
Word), and surrounding event types. It was found that over a longer time, people
better remember the context associated with the document rather than the content
and actual keywords of the document, and therefore incorporating search context can
improve the performance of the retrieval systems in re-finding documents. In this
study, various query types were built in order to assess the usability of different con-
text types, and overall it has been stated that source, surrounding events and time
were context types that are well-remembered.
In terms of content of queries, in a log analysis on desktop search by Dumais et al.
(2003), the most common query types were categorized in three groups: people, place,
or things; computers, and internet; health, and science. Since a quarter of queries in
the first category include peoples’ names, it was concluded that peoples’ names are a
strong cue for personal content. On the other hand, queries with general information
rather than peoples’ names are less common in desktop search in comparison with
web search.
It should be noted that the studies described in this section are work that is related
to the classification of re-finding tasks. This will be further developed with general
search task classifications and other finding and re-finding task characteristics in the
next sections. From the discussed classifications, the following main points should be
taken into consideration when differentiating re-finding tasks:
1. There is a focus on classifying the type of personal search task where the user
is looking for information that has seen before, i.e. re-finding. This is related
to the fact that re-finding is a typical retrieval request in this context (Elsweiler
and Ruthven, 2007).
2. A diverse range of features has been considered for classifying re-finding tasks
including:
• size of target information ((Elsweiler and Ruthven, 2007))
• similarity to original finding ((Capra, 2006) )
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• user’s memory context ((Kelly et al., 2008))
• content of the query ((Dumais et al., 2003)).
3. The underlying features of the classifications can be related to different infor-
mation sources, which could be due to the distribution of personal information.
This can consequently result in new search requirements such as restoring infor-
mation items from a conversation on various information sources.
4. There is a requirement to study features characterizing re-finding tasks to be
able to classify all re-finding instances. As explained before, in some previous
classifications (e.g. the study by Elsweiler and Ruthven (2007)), there are task
instances that cannot be categorized under any classes. This could be because
of incompleteness of features considered in current classifications. This issue will
be further discussed in Section 2.3.2.
From these main points, it can be concluded that there is a need to further explore
the underlying features of tasks to differentiate various re-finding tasks in different
situations. Through this differentiation, we will be able to categorize different re-
finding needs and further evaluate personal search systems from the task point of
view. To this aim, some further exploration could be as follows:
• Are there any other factors that must be considered in categorizing re-finding
tasks?
• Going beyond re-finding tasks, are classifications in general finding contexts
applicable or customizable for the re-finding context?
To address these questions, first we investigate the characteristics that have been
considered in other classifications of general finding tasks. This exploration must
incorporate different information sources since personal information is scattered across
various sources, as discussed in 2.2.
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2.3.2 General Search
In this section we explore classifications for general search tasks to examine how their
characteristics can be applicable or customizable for differentiation in the re-finding
context. In this section, it can be seen that most of the characteristics are related to
the three main dimensions of why, what and how information is going to be found.
A taxonomy of web searches was proposed by Broder (2002). This taxonomy,
which is based on the goal of searchers, consists of three main classes: navigational,
informational, and transactional. The navigational class refers to finding a web site;
informational is related to finding information on one or more web sites; and trans-
actional is to find a site for further interactions. This taxonomy has been expanded
by Rose and Levinson (2004) in a hierarchical structure to provide a more detailed
view on users’ goals in searching on the web. Regarding web usage, another approach
is to classify search tasks into four main groups including fact finding, information
gathering, browsing and transactions (Kellar et al., 2007). In a similar study by Toms
et al. (2008), in terms of users’ search goals, three levels for task types (fact finding,
information gathering and decision making) and two categories for the structure of
the task (parallel and hierarchical) have been proposed. These studies highlight the
importance of the goal of the user.
Taxonomies proposed in the web context (e.g. (Broder, 2002; Rose and Levinson,
2004)) were extended by Russell-Rose et al. (2011) to the enterprise context. The ex-
tended taxonomy is based on discovery modes for different types of enterprise search.
Here discovery modes are related to activity models, which are organized in accor-
dance with the usage rather than the topic of the information. Nine discovery modes
were considered in this taxonomy, and they were organized in three main top-level
categories: Lookup (Locating, Verifying and Monitoring); Learn (Comparing, Com-
prehending and exploring); Investigate (Analyzing, Evaluating and Synthesizing). The
criterion for classifying tasks in this taxonomy can be related to the goal of searcher,
which can be seen as one aspect of the why dimension.
From the previous studies, it can be concluded that the goal of searchers, and in
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other words the reason they are looking for some information (why), is one of the
main characteristics in categorizing search tasks. This characteristic has not been
considered in re-finding classifications discussed in Section 2.3.1, while it is an impor-
tant dimension that can determine the number of relevant information items, or even
the level of user interaction with the information target. One type of users’ goals in
re-finding information is work-resumption that might lead to multiple relevant items
(Prante et al.). Meeting preparation that leads to linking information items has been
highlighted in another study by Eve´quoz and Lalanne (2009) as one of the search needs
in the re-finding context. Other goals could include re-finding upon sharing, learning,
comparing, reviewing, collecting, planning, reminding, checking or confirming. How-
ever, these are some potential goals that must be further examined and investigated
in terms of how they can result in different re-finding characteristics. For example,
the interaction level of the user with information target, which can result in different
level of remembering, could be varied when the re-finding goal is checking rather than
learning. Therefore, the why dimension in the re-finding context needs to be explored,
and it should be determined if there is any hierarchical structure between different
re-finding purposes, similar to the work done by Rose and Levinson (2004) on web
searches.
Web activities were classified not only based on the goal of users (why), but also
the method of finding information (how) and the types of information to be found
(what) were taken into account (Morrison et al., 2001). In this way, adding two new
dimensions of how and what could distinguish types of the tasks more accurately.
For example in the situation where two users have the same information needs but
they are looking for different types of information, their tasks can be characterized
in two different groups; while in taxonomies proposed by Broder (2002) and Rose
and Levinson (2004), which are mainly based on the user’s goals, these dimensions
have not been emphasized. However, the three dimensions proposed by Morrison et al.
(2001) do not cover all types of web search tasks. For example, in the what dimension,
a limited number of topics were considered, while this group could be expanded to
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different types of information.
In comparison with characteristics incorporated in current re-finding classifica-
tions, the two dimensions of what and how have been considered to some extent.
However, they need to be further explored. As an example in the taxonomy proposed
by Elsweiler and Ruthven (2007), the size of target information (one aspect of the what
dimension) was taken into account, while the what dimension can also be related to
the type or structure of the target information, as personal information can be found
in a wide range of types with different levels of meta-data. Another example incor-
porating what and how dimensions is the taxonomy proposed by Kelly et al. (2008)
considering how people remember the characteristics of target information and how
they submit their queries. Nevertheless, this could be further enriched by considering
different aspects of reaching to the target information including search tool features.
In a study by Byrne et al. (1999), web capabilities and individuals’ browsing
behaviour were analyzed. The authors proposed a taxonomy of web tasks (called
taskonomy) in six general classes including: Use Information, Locate on Page, Go
To Page, Provide Information, Configure Browser, and React to Environment. The
main characteristic considered in this taxonomy is how users get to information, with
a particular focus on the information source and search tool features. This highlights
another aspect of the how dimension that has not been considered in the re-finding
taxonomies.
There is a classification of the search tasks based on the nature of the task (Mar-
chionini, 1989), which is whether the information need can be satisfied with specific
information (closed) or is exploratory in nature (open). This characteristic can be re-
lated to the size of target information, which was the yardstick of one of the re-finding
classification proposed by Elsweiler and Ruthven (2007). Similar natural characteris-
tics of the search task can be incorporated in classifying re-finding tasks.
From the described taxonomies, there is great potential to improve existing clas-
sifications of re-finding tasks. Moreover, the taxonomies in general search contexts
have emphasized on different aspects of the why, what and how search dimensions. In
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the next section, we discuss a broader range of task features that might be applicable
to better characterize and particularly to differentiate re-finding tasks.
2.4 Tasks and Underlying Characteristics
Due to the importance of task features in the re-finding context (as introduced in
Chapter 1, with illustrations in Section 2.3), we review the underlying characteristics
influencing the re-finding retrieval process from past research in this section. Some
of these characteristics are particularly related to the re-finding context, and other
factors are influential in a broader search context. The main characteristics identifying
or affecting re-finding tasks are summarized in Table 2.1.
The characteristics are listed under two main sections as singular and collective,
where the latter group are factors related under the same super concept. For example,
the way that search engines represent results and the filtering features of the search
tools in accessing the target information can be aggregated under a super concept
as the search solution collective. In other words, the characteristics under collective
group are related to each other and they capture similar type of effects on a retrieval
process and therefore they have been grouped under a super concept, whereas singular
characteristics capture a different impact on the retrieval process.
Note that all of the summarized studies in Table 2.1 are not on re-finding, and
some of them are related to a broader context of search and information tasks, which
are potentially influential for re-finding context.
Table 2.1: Features influential in re-finding (either from re-finding studies or
broader studies on search and information tasks).
Title Description Usage Examples
Singular Characteristics
Information
granularity
The size of target infor-
mation
(Elsweiler and Ruthven, 2007; Elsweiler et
al., 2011a; Elsweiler, 2007; Elsweiler et al.,
2008, 2009, 2011d; Mayer, 2009)
Task difficulty How difficult is the search
task
(Bell and Ruthven, 2004; Bystro¨m and
Ja¨rvelin, 1995; Campbell, 1988; Jones and
Bruce, 2007; Capra and Pe´rez-Quin˜ones,
2006; Elsweiler et al., 2011a,d; Elsweiler
and Ruthven, 2007)
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Task and topic
familiarity
How much familiarity ex-
ists in relation to the task
steps and search topic
(Capra and Pe´rez-Quin˜ones, 2005; El-
sweiler et al., 2011b; Kelly and Cool, 2002;
Shiri and Revie, 2003; Wildemuth, 2004)
Access fre-
quency
How often the target in-
formation has been ac-
cessed before
(Blanc-Brude and Scapin, 2007; Capra,
2006; Capra and Pe´rez-Quin˜ones, 2005;
Chen et al., 2010; Dumais et al., 2003; El-
sweiler et al., 2011b,d; Jones and Bruce,
2007; McKenzie and Cockburn, 2001; Tee-
van et al., 2007; Tyler and Teevan, 2010)
Access re-
cency
How recently the target
information has been ac-
cessed
(Blanc-Brude and Scapin, 2007; Jones and
Bruce, 2007; Kelly and Jones, 2011; Tee-
van, 2008)
Goal of user What is the goal of user
in finding the target infor-
mation
(Broder, 2002; Rose and Levinson, 2004;
Russell-Rose et al., 2011)
Task similar-
ity
How much similarity exits
between the information
target to be found in re-
lation to the information
found in the original ac-
cess
(Capra and Pe´rez-Quin˜ones, 2003; Capra,
2006; Pu and Jiang, 2011; Zhu et al., 2007)
Collective Characteristics
Search solu-
tion
How the user gets to in-
formation
(Bruce et al., 2004; Capra and Pe´rez-
Quin˜ones, 2003; Elsweiler et al., 2011c;
Resnick and Vaughan, 2006; Barreau and
Nardi, 1995; Bergman et al., 2008b; Tee-
van et al., 2004; Boardman and Sasse, 2004;
Jones et al., 2003; Deng and Feng, 2011;
Chau et al., 2008; Kim et al., 2010; Capra,
2006; Teevan et al., 2007; Elsweiler et al.,
2011b,d; Tyler and Teevan, 2010; Dumais
et al., 2003; Adar et al., 1999; Bellotti
and Thornton, 2006; Thomas and Hawk-
ing, 2010; Gomes et al., 2010b; Murakami,
2010; Aula et al., 2005; Byrne et al., 1999;
Morrison et al., 2001)
Context Set of related people,
ideas, tools and resources
involved in solving search
tasks
(Ingwersen, 2005; Belkin and Cool, 2005;
Costache et al., 2010; Hawking et al., 2005;
Ingwersen and Ja¨rvelin, 2006; Costache et
al., 2010; Chen et al., 2010; Elsweiler et
al., 2011b; Shah et al., 2007; Cleary, 2008;
Prante et al.; Bergman et al., 2008a; Blanc-
Brude and Scapin, 2007; Dumais et al.,
2003; Elsweiler, 2007; Elsweiler et al., 2008;
Murakami, 2010)
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User General characteristics of
the searcher
(Chen et al., 2010; Elsweiler, 2007; El-
sweiler et al., 2008, 2011d; Carmel et al.,
2009; Eve´quoz and Lalanne, 2009; Aula et
al., 2005)
Information General characteristics of
the target information
(Blanc-Brude and Scapin, 2007; Chau et
al., 2008; Chen et al., 2010; Cutrell et
al., 2006; Dumais et al., 2003; Elsweiler
et al., 2011b; Whittaker, 2011; Barreau
and Nardi, 1995; Costache et al., 2010;
Elsweiler et al., 2008, 2011d; Whittaker,
2011)
Information
collection
General characteristics of
the source of information
(Elsweiler et al., 2008, 2011d; Ducheneaut
and Bellotti, 2001; Elsweiler et al., 2011b;
Whittaker et al., 2006)
The detailed description of these characteristics are provided in Appendix A. The
following main points are summarized from the reviewed characteristics:
• The identified characteristics have played different roles in previous studies; for
example, some have been used for identifying task types (e.g. information gran-
ularity, task similarity), while others have been studied more generally in how
they characterize or affect the retrieval process (e.g. search tool features, user
experience, and information collection size).
• Some characteristics have been studied specifically in the re-finding context (e.g.
access recency), while others have been investigated more in terms of the general
search context (e.g. the goal of the user).
• While some of the characteristics used in identifying search task types can be
common in both re-finding and general search contexts, the way that these char-
acteristics are defined and measured could be different in each. As an example,
task difficulty in re-finding type characteristics has been studied in terms of
user’s familiarity with task steps or topics; whereas in the general context, it is
based on uncertainty regarding input, process and output of the task.
• Many characteristics are subject to interactions and relationships with other
characteristics; for example, topic familiarity is a characteristic in its own right,
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but is also one of the factors in determining the difficulty of the task.
From the above points, it can be concluded that there is potential to enrich current
identification of re-finding task types by further incorporating characteristics that
can affect the retrieval process. These characteristics must be further organized and
clearly operationalized to be used for differentiating re-finding tasks (particularly from
general searches), and further evaluation purposes. Particularly in this research, we
focus on the behavioural characteristics of re-finding tasks, as a gap in the literature
as mentioned in the previous sections. Specifically we study the difficulty of re-finding
tasks in our research questions from three viewpoints: user perspective (RQ 1-1),
automatic classification (RQ 2-2), and incorporating different types of information
(RQ 3-3), as explained in Section 1.3. Moreover, we investigate two key characteristics
representative of user behaviour and system performance in identifying re-finding tasks
and search difficulty, which is explained under our first research question (RQ 1-2) in
Section 1.3.1.
2.5 Identified Gaps in Re-finding Information
Given the range of re-finding studies that were reviewed across different information
sources in previous sections, note that in this study we mainly focus on re-finding in
the web context, with this definition of “searching for information that the user has
seen previously”. However, some parts of this study explore re-finding in different
search applications, and also consider non-textual re-finding, such as re-finding image
and movie documents, which has not been well-investigated in past research.
Past research distinguished re-finding tasks from general web search mainly de-
pendent on repeated occurrences of queries and clicks (Teevan et al., 2007). However,
it was shown that even after one hour, people mis-remember keywords around 30% of
the time, and therefore might not be able to repeat the previous search tasks (Teevan
et al., 2007). On the other hand, repeating clicks on search results might be achieved
at the end of search tasks, while users have been struggling from the beginning of the
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search. This requires tools for more accurate and possibly earlier identification of re-
finding tasks. There are studies where re-finding tasks have been distinguished based
on some common underlying features of recorded tasks that are not content-based
(such as the granularity of information to be re-found (Elsweiler and Ruthven, 2007)).
However, current examined features in the re-finding context are limited such as user’s
self-reported features (e.g. topic familiarity) (Capra, 2006). One strong indication for
differentiating tasks is the level of task difficulty (Liu et al., 2010, 2012b). In general
web search, behavioural features in search engine use have been highlighted as the
main indication for task difficulties in comparison to the other features such as topic
or search experience (Liu et al., 2012b). In investigations of search engine use, other
small scale user studies found it difficult to distinguish re-finding tasks from general
web searches (Capra, 2006). Larger-scale query log search features were limited to
the level of equal queries and clicks to identify re-finding (Teevan et al., 2007). Su-
pervised learning is another technique that was used to identify re-finding; however,
it is limited to the occurrence of equal queries, and behavioural features related to
difficulty have not been studied in re-finding tasks (Teevan et al., 2007; Tyler and
Teevan, 2010). In this research, we examine a broader range of behavioural features
in a) distinguishing re-finding tasks from general web search, and also b) examining
different levels of re-finding difficulty. The following sections will highlight the gap in
past research for the introduced problems.
2.5.1 Identification of Re-finding
In one of the first studies on web-based re-finding, Teevan et al. (2007) used query
log features to predict if the same result would be clicked on by a user given that
they had re-submitted a previously entered query. Tyler and Teevan (2010) studied
re-finding at the level of sessions, finding that queries change more across sessions
than within. Later, Tyler et al. (2010) examined query features and the rank of the
clicks to identify re-finding.
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Capra (2006), studying 18 search tasks of users, found it difficult to distinguish
between generic web search engine use and re-finding. From a diary study by El-
sweiler and Ruthven (2007), re-finding tasks were classified using the granularity of
the information to be re-found (lookup, one-item, and multi-item).
Many search features were studied in the related area of predicting task continu-
ation and cross-session tasks (Kotov et al., 2011; Wang et al., 2013). In a study by
Kotov et al. (2011), session-based features (e.g. “number of queries since the begin-
ning of the session”), history-based features (e.g. “whether the same query appeared
in the user’s search history”), and pair-wise features (e.g. “number of overlapping
terms between two queries”) were examined.
Overall, current studied behavioural features for the re-finding context are limited
and dependent on the search history of the user. However, for identifying particularly
difficult re-finding tasks, it would be useful to examine a broader range of features,
specifically early in search.
2.5.2 Difficulty in Re-finding
Re-finding difficulty has also been studied in past research: Capra (2006) explored a
set of features including the number of search URLs, task completion time, and the
elapsed time between search tasks, to identify difficulty. He distinguished easy and
difficult tasks based on a set of specific topics (e.g. finding yellow pages vs. flight
information). The main indicators of re-finding difficulty was task frequency, topic
familiarity, and determining that target information had been moved from the web
page where it was originally found.
Information being relocated on the web, as well as changes in target document
rank position, were highlighted as a cause of re-finding difficulty by Teevan (2004,
2006). In observations reported by the researcher, changes in the path to reach the
target information was a stronger indicator of user difficulty than temporal features
such as elapsed time. Elsweiler and Ruthven (2007) studied the difficulty of re-finding
in terms of two features: the granularity of information to be re-found; and also the
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elapsed time between re-finding. There were no significant differences in terms of the
granularity feature for task difficulties. However, it appears that longer time gaps
could indicate that users were having difficulties for some types of re-finding tasks.
Although some features were examined for identifying difficulties in re-finding,
they are mainly limited to user’s self-assessed features (e.g. topic familiarity) or target
information (moved web page, or granularity of information). In general web search,
large scale query log features have been extensively used to predict search difficulty
(Liu et al., 2010, 2012b), as well as user frustration, dissatisfaction, or success/failure
(Ageev et al., 2011; Hassan et al., 2010, 2013, 2011). Features ranged from temporal to
user behavioural, and search result ranks. Examples of studied features include time
interval between queries, number of clicks with high dwell time, and mean reciprocal
ranks of clicks for each query. Moreover, for different stages at search (e.g. initial,
middle, and end points) different features indicative of difficulty have been investigated
in the general search context (e.g. a study by Liu et al. (2014)). These features can
be developed for the re-finding context, and further incorporated into constructing
predictive models, where search engines could adapt search results based on underlying
search tasks.
2.6 Summary
In this chapter, past research in identifying re-finding tasks and detecting task dif-
ficulties was reviewed. Previous studies were categorized based on the underlying
source of information, as personal information scattered across different sources. We
also discussed current differentiation on re-finding and general search tasks in terms
of classification models and underlying distinctive features. Other task features from
past research, for both general and personal search contexts were reviewed, which
enabled us to identify existing gaps in the re-finding context for making distinctions.
The next chapters begin to address some of the identified gaps.
Chapter 3
Preliminary Survey of Re-finding
Landscape
We started this research project with conducting user surveys incorporating qualitative
approaches to better understand the landscape of re-finding tasks and difficulties that
users might encounter. We conducted a set of interviews on exploring different types
of re-finding tasks on different information sources from a diverse range of users, which
will be discussed in this chapter.
From the reviewed studies in the previous chapter, it can be seen that user experi-
ments have been conducted to explore re-finding tasks; however, past work is limited in
terms of the type of experiments and the range of recruited participants. For example,
most of the user experiments have collected rates and counts; rather than qualitative
data. However, a qualitative experiment allows for uncovering new types of tasks
and collecting detailed information. Although other data gathering approaches, such
as the diary study by Elsweiler and Ruthven (2007), could help identifying types of
re-finding tasks, there are limitations in maintaining the dedication level of partici-
pants while their activities are captured. However, conducting interviews encourages
people to open up new discussions particularly in a group mode. On the other hand,
recruited participants in past research were mostly individual users; whereas, there
could be user groups in other contexts with re-finding needs; such as the users from an
enterprise context who carry out their search needs through an internal organization
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tool.
Despite the advantages of conducting interviews, there are limitations for this
technique as specific types of data might be recalled by participants, such as the most
recent, challenging, or frequent types of re-finding tasks. However, we design open
up discussions to capture other types of re-finding as well. Nevertheless, the research
questions of this study are focused on identifying more challenging and important
re-finding tasks, which can be addressed through conducting interviews.
In this chapter, user surveys are explained in two modes of focus group and one-on-
one interviews. In the focus group interviews, a group of participants gather together
and discuss about the topic of the interview. However, one-on-one interviews are in
more depth and taken between one participant and an investigator. Participants were
recruited from computer- and IT-related areas as they might involve with different
information sources including email, social networks, and web; and potentially they
could have a diverse range of search needs, which could increase the chance of gath-
ering re-finding examples. The details of the interviews and gathered information are
discussed in next sections.1
3.1 Focus Group Interviews
In this section, we discuss all focus group interviews that we conducted as our initial
surveys. We started from focus group interviews as we could get participants to brain-
storm, which provides better insights for further experiments. Generally a qualitative
research approach has been established in producing detailed descriptions from the
perspective of participants (Ritchie et al., 2013). Particularly conducting focus group
interviews is recommended to obtain background information and consequently form
hypotheses (Rea and Parker, 2012). Moreover, focus group interviews are motivated
to be conducted for further phrasing the questions of user surveys (Kitzinger, 1995).
In designing and conducting the experiments, we followed the guidelines proposed in
1The approval letter of our ethics application for user experiments of this chapter is presented in
Appendix E.
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previous studies (Kitzinger, 1995; Dillman, 2000; Krueger and Casey, 2002; de Leeuw
and Dillman, 2008; Ritchie et al., 2013).
In the following sections, first the design of focus group interviews is described, and
later the gathered results are explained. The focus group interviews were organized
in two main rounds. In the first round, three interviews were conducted with 10
participants in total from postgraduate students. From the lessons that we learnt in
the first round (will be discussed in this chapter), the interview design was improved,
and the second round of focus group interviews were conducted within 10 postgraduate
and undergraduate students.
3.1.1 First Round Interview Design
Each interview was semi-structured and designed in a preparatory session followed by
a main session, that are discussed here.
Pre-interview
In order to prepare participants prior to the interview, a pre-discussion form was
designed. In this form first we introduced the concept of re-finding and known infor-
mation item, which is followed by two main sections. In the first section, a list of search
examples have been provided to trigger the memory of participants in recalling their
search needs. As we formed an assumption that people might remember the search
tasks that they had struggling to accomplish, we provided a list of examples related
to the difficulty in re-finding. These examples, which are either based on previous
studies in the literature or agreement between main investigators, include:
• Example 1: Finding a song on the web without remembering its details
• Example 2: Finding a message when partial keywords are remembered
• Example 3: Looking for information spread over multiple documents
• Example 4: Looking for a document while only recalling the main concepts
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• Example 5: Finding multiple instances of documents to compare and resume
previous work
Participants were asked to read each search example, and mark it if they have
encountered such a search situation. By asking this question, in addition to prepare
the participants for remembering their search tasks, the responses can be useful for
finding more commonalities across different users.
Afterwards in the second part of the pre-interview session, the participants were
asked to describe a time when they had difficulty in finding any kind of known infor-
mation items that they have seen previously. Moreover, the reason that they could
recall the described task was asked. The latter question could enable us to ask more
search examples in the main interview session based on factors that people remember.
Main Interview Session
The main interview session was run in the following parts:
Introduction. After introducing the main investigator, an overview of the topic of
the interview was provided for participants: “This interview is about a particular type
of your search needs, when you are looking for specific information that you already
know (known-item), but you may not completely remember it, even though you have
seen it before (re-finding). This information could be on your computer, or on the
Internet.”
Moreover, it was explained for the participants that the results from this interview
will be used for understanding types of search needs and evaluating tools in terms of
gathered search needs. Furthermore, the reason for inviting participants was clarified
as their major was in computer- and IT-related areas.
Guidelines. A set of rules and guidelines were also provided for the participants
following the study by Krueger and Casey (2002). The guidelines include: (a) You
will be asked to describe examples of your related searches and to discuss about this
kind of search needs in a group; (b) This interview takes about one hour; (c) No right
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or wrong answers, only differing viewpoints are discussed; (d) The session is recorded;
(e) You do not need to agree with others, but you must be respectful to others’ views.
Discussions. Main discussions include as follows: (a) The commonalities on the list
of search examples and described tasks from the pre-interview session were explored
across participants; (b) Different information sources including web, email, desktop,
and social networks were ranked based on the difficulty in searching through the
sources; (c) The concept of difficulty also was discussed that how participants define
and measure the difficulty of a re-finding task; (d) Participants shared their search
techniques, and also the way of organizing information, which could affect their search
behaviour.
3.1.2 Observations from the First Round Interviews
In this section, the data gathered from focus group interviews in the first round will
be discussed. The gathered data mainly includes search commonalities between par-
ticipants, examples of re-finding tasks and the reason for remembering such tasks, the
rank of information sources in terms of user’s difficulty.
Focus Group Interview 1
The results from the first interview are summarized in Table 3.1. It can be seen that
given pre-defined examples, there are common difficulties in re-finding tasks among
participants. Particularly it seems that re-finding information items that are not
textual (e.g. audio/video documents in Example 1) are more difficult to be re-found
as it was common over a larger number of participants.
From the described tasks by the participants, it can be seen that re-finding infor-
mation is scattered across different sources and domains (e.g. re-finding an image, an
email message, or a web resource). In re-finding tasks on these information sources,
participants have different levels of difficulty (less difficulty in searching the web rather
than in desktop and email). However, the common point among this group is that
social networks might be searched less than other domains for re-finding needs. The
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reasons for recalling re-finding examples were either due to the difficulty level of the
task (e.g. in terms of the spent time or the amount of effort), or the importance of
the task (e.g. in terms of urgency or the importance of the underlying information
source).
As a way of facilitating re-finding, participants discussed replicating documents in
multiple locations to make sure that it can be easily accessed at a later time. Moreover,
the frequency of the re-finding task seems to have an impact on the difficulty of the
task.
As can be seen from Table 3.1, the gathered described tasks by the participants
from the pre-discussion forms are similar to the search examples that we provided.
We therefore randomized the order of questions for marking pre-defined examples and
describing individuals’ re-finding experience in next pre-interviews. By employing this
randomization, it is more likely to gather a diverse range of search tasks in a way that
search examples could help participants in remembering different types of tasks, while
not biasing the selection of tasks by drawing the attention of participants to similar
limited examples at the beginning of the survey.
Focus Group Interview 2
Following learning from the first pilot study, another focus group interview was con-
ducted. The results gathered from this interview are summarized in Table 3.2.
In comparison to the previous focus group interview (see Table 3.1), there are
fewer commonalities in provided search difficulties among participants in the second
group. This could indicate that difficulty could vary across individuals, even within
students with similar computer-related major. In this group, main difficulties were
described in terms of re-finding: (a) non-textual information items, (b) moved items
to a new place, and (c) items where the meta-data (e.g. title) and the content are
not directly related. The reason for recalling the described tasks were related to the
frequency and recency of the tasks. Moreover, the level of search difficulties across
different sources are different from the previous group. For example, previous group
3.1. FOCUS GROUP INTERVIEWS 41
Table 3.1: Summarized data from the first focus group interview.
Participants
Four postgraduate students, from RMIT University, Information Retrieval Discipline
Search examples commonalities (in number of participants)
Example 1: 4, Example 2: 3, Example 3: 1, Example 4: 3, Example 5: 3
Task example Reason for recall
Re-finding different versions of the same file
distributed on different personal devices
(laptop, desktop and USB drivers). This is
difficult to remember what is different from
previous versions
Task was time-consuming to looking
through different physical locations. It is
difficult to remember what is different from
previous version.
Re-finding a music related to previous year
(nothing remember about the name of the
singer or the song), using Facebook to list
favorite music websites
Trying many web pages
Re-finding a particular email message, when
all that remember is a few words from the
conversation
Importance of media (“Email is a big part of
my daily life”)
Need to re-find a particular file containing a
program downloaded from Internet(do not
remember name and location)
Re-using/ importance of the task (“I
encountered with the same problem again,
and I need that program to complete my
current job in a proper time, as it is
important for me”)
Ranking information sources (in terms of search difficulties)
Participant 1 Participant 2 Participant 3 Participant 4
Email 1 2 2 1
Web no difficulty 3 no difficulty 3
Desktop 2 1 1 2
Facebook NA NA NA NA
1: the most difficult, 2: the second most difficult, 3: the third most difficult, NA: no search need
Sharing search/organization solutions
a) Using particular tools (e.g. Dropbox); b) Replicate documents in multiple locations
Definitions of difficulty
Participants relate the difficulty to the frequency of the task where less frequent tasks are more
difficult
42 CHAPTER 3. PRELIMINARY SURVEY OF RE-FINDING LANDSCAPE
Table 3.2: Summarized data from the second focus group interview.
Participants
Three postgraduate students, from RMIT
University, from Information Retrieval,
Artificial Intelligence, and Distributed
systems disciplines
Search examples commonalities (in number of participants)
Example 1: 1, Example 2: 2, Example 3: 1, Example 4: 2, Example 5: 1
Task example Reason for recall
Re-finding for information items that the
type of the information is other than the a
pure text, I do not use search tools like
Google desktop since I cannot trust it.
Frequency of the task
Re-finding a re-located file, first I tried to
look for the file based on the location where
the file might be placed, then I tried
searching based on the type of the file.
Recency of the task
Re-finding a non-textual file, that the name
of the file is not related to the content of the
file
Recency of the task
Ranking information sources (in terms of search difficulties)
Participant 1 Participant 2 Participant 3
Email no difficulty no difficulty 2
Web 2 no difficulty 3
Desktop 1 2 2
Facebook NA 1 NA
1: the most difficult, 2: the second most difficult, 3: the third most difficult, NA: no search need
Sharing search/organization solutions
a) Using particular tools, e.g. Mendeley Desktop; b) Organizing information in storage time
to reduce difficulties at the retrieval time
Definitions of difficulty
Participants define the difficulty of a re-finding task in the number of task steps, and also in
the cognitive need to find a way to reach to the target information
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agreed on less frequent re-finding tasks in social networks; whereas, some evidence
of high level of difficulty in re-finding information on social networks emerged in this
group.
Similar to the previous focus group interview, the organization of information
appeared to be important for participants to help them in accessing information at a
later time. Moreover, the difficulty in re-finding is particularly defined in terms of the
number of steps to reach to the target information, and cognitive effort to find out
how to repeat the previous path to reach to the same information.
Focus Group Interview 3
The data gathered from the last focus group interview in the first round is summarized
in Table 3.3.
There are more commonalities of the pre-defined search examples among partici-
pants in this focus group interview comparing to the previous ones. In the described
tasks by individuals, the main difficulties are related to the memory lapses when only
the sense of information can be remembered; or the lack of facilities in either organiz-
ing or recalling the target information. Moreover, the main reasons for recalling the
described tasks were mentioned as the frequency and task completion time. Among
this group, re-finding difficulties differ across information sources; e.g. for the first
participant email is the most difficult source for re-finding; whereas, for the other two
participants, email is the least difficult information source of re-finding.
Among this group, new tools for organizing information were introduced, which
makes later retrieval easier. Moreover, in the definition of re-finding difficulty, two
main aspects were discussed: 1) in relation to the underlying information need; and
2) the frustration of the user.
Summary of the First Round Interview
The data gathered from the first round focus group interviews are summarized as
follows:
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Table 3.3: Summarized data from the third focus group interview.
Participants
Three postgraduate students, from RMIT University, from Information Retrieval, senior students
Search examples commonalities (in number of participants)
Example 1: 3, Example 2: 3, Example 3: 1, Example 4: 2, Example 5: 3
Task example Reason for recall
At the time of first access, no option to
organize in the appropriate way
(bookmarking since I was reading by my
iPhone on the tram), later when I need that
paper, I was not able to retrieve it via Google
scholar as I did not remember the title and
author of the paper, and just the summary of
information and pictures and diagrams are
remembered.
Time consuming. Recommendation: Google
Scholar can provide some further information
like Salient images or pictures of the
diagrams; this would help to find familiar
information on shorter time.
Customize management of documents on the
web. Difficulty: is in the case that there is no
access to the collection.
Frequency: every two weeks.
Searching through software library API
documentation, looking for a specific function
that you know the functionality and not the
exact name of the class, function, and so on.
Frequency: daily
Ranking information sources (in terms of search difficulties)
Participant 1 Participant 2 Participant 3
Email 1 3 3
Web 3 2 1
Desktop 2 1 2
Facebook NA no difficulty NA
1: the most difficult, 2: the second most difficult, 3: the third most difficult, NA: no search need
Sharing solutions
a) Using particular tools, e.g. Dropbox, and Beagle
Definitions of difficulty
Participants define the difficulty of a re-finding task in terms of task duration, contextual
conditions, technical issues, expressiveness of information need. Also, they agreed on two
aspects of difficulty: one related to the task itself and the other one as the frustration of the
user
3.1. FOCUS GROUP INTERVIEWS 45
• The perception of difficulty: The difficulty in re-finding is defined in terms of
different factors including: the frequency and recency of the task, task comple-
tion time, the effort of the user in recalling information(e.g. in terms of number
of steps, and cognitive load), the complexity in expressing the information need,
and other contextual factors. As an example for the contextual factors is the
importance of the task or the urgent requirement to access to the information,
which might result in the frustration of the user. The reasons that people re-
member their experience in struggling to re-find are almost in line with the
definitions of difficulty.
• Main difficulties in re-finding: The most difficulties in re-finding are related to:
1) memory lapses of the content or meta-data of the information, 2) the existence
of similar information items to the target known item (e.g. multiple versions of
the same document), 3)non-textual information items, 4) moved information
items, 5) inconsistency between the meta-data and the main content of the
information, 6) the lack of organization or recalling facilities.
• Difficulties across information sources: From this experiment, it cannot be con-
cluded that for which information source people have more difficulty in re-finding
as they are varied within different focus group interviews. However, the common
point is that social networks (e.g. Facebook) is not considered as a searchable
tool for re-finding information; in other words, the users might not expect the
same level of satisfaction for searching the web vs. searching on a social network,
as some participants considered “not applicable” option for this information
source.
• Emerging new types of re-finding tasks: There were other examples gathered
from this round of interview, where they have been perceived as re-finding tasks;
while it has not been studied in the re-finding literature. One example is to
search on behalf of others, though the known item was not seen by the searcher.
This type of search tasks can be further explored in the re-finding context.
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3.1.3 Second Round Interview Design
After conducting three focus group interviews, we revised the previous interview design
to be used in the second round of interviews. The reason of the changes are discussed
as follow:
• In the initial design, the relatedness of search examples were asked from partici-
pants; however, the examples were overly specific that made it hard to decide if
the exact example should be judged as related or it can be generalized at some
points.
• Some gathered tasks were rare cases, and one reason that people described those
tasks could be because of the recency of the tasks. However, there is no extra in-
formation available to judge about the importance or frequency of the described
task.
• Although the search examples that are related to different users could indicate
common re-finding tasks, yet other factors need to be considered for identify-
ing task commonalities. For instance, a search example might be related to
two users, but the search might be more important or frequent for one user in
comparison to the other user.
• Regarding the ranking of information sources, there is no indicator of how much
participants are involved in using each information source; in other words, what
is the importance of that source to the participant, which can be used in assess-
ing how critical is addressing user difficulties on that source in comparison to
other sources. For example, it could be probable that users do not use desktop
information as much as the web, so even the medium level of difficulty on the
web can be as important as high level of difficulty on the desktop.
For these reasons, in order to gather more accurate results, we changed the struc-
ture of interview mostly in the pre-discussion part, which is explained in the following
section.
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Pre-interview
In this round of pre-interview, three main sections were provided as follows.
The first section. Besides asking participants to describe a search task, we added
three five-likert scale questions in assessing “how difficult”, “how frequent”, and “how
important” is the described task to the participant.
The second section. Instead of asking those specific examples as the pre-interview
of the first round (see Section3.1.1), we provided four main general scenarios in search
difficulties. The following listed scenarios are based on the literature and the data
gathered from the first round interviews (we refer to these cases as a “scenario” to
distinguish them from the specific examples in the first round).
• Scenario 1: You do not remember the details of the target to be found, and
you only remember some general information, or information that cannot be
searched (e.g. looking for a file, when you do not remember the name of the file
and you know about the subject of the file, also you remember some pictures
and diagrams in the file; however, you cannot search them).
• Scenario 2: The information has been relocated or it is not available in the place
where you have accessed previously.
• Scenario 3: The information is available in multiple versions in different loca-
tions.
• Scenario 4: The information is requested by others and you are searching on
behalf of other person(s).
The last scenario can be seen as a new type of re-finding task, which was detected
in the previous round of interviews. Here in this round, we added this scenario to
assess the commonality of such a search need across different users. For each search
scenario, similar to the first section of this pre-interview, we asked the three questions
of difficulty, frequency, and the importance of tasks.
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The third section. The difficulty, usage frequency, and importance of different
information sources were asked from participants including the web, desktop, email,
and social networks.
In all of the above pre-interview sections, the three main questions of difficulty,
frequency and importance were asked in five-likert scales:
• How difficult is re-finding that information (re-finding within that information
source)? Response are from 1: “very difficult” to 5: “very easy”.
• How often do you perform that re-finding task (re-finding within that infor-
mation source)? Responses from 1: “few times per day” to 5: “few times per
year”.
• How important is it for you to re-find that information (re-find within that
information source)? Response are from 1: “very important” to 5: “not impor-
tant”.
Main Interview Session
During the main interview session, we further discussed the questions and answers in
the pre-interview, the same as the first round of interviews. The results gathered from
this round of interview will be discussed in the next sections.
3.1.4 Observations from the Second Round Interviews
In this round, we conducted two focus group interviews. Participants in the first
group were five postgraduate students from the disciplines of Information Retrieval
and Artificial Intelligence, and for the second focus group interview, five undergraduate
students were recruited. The data gathered from both groups are explained in the
next sections.
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Search Scenario Characterizations
The response values for three main questions of difficulty, frequency, and importance
for all four scenarios are illustrated in Figure 3.1 for both focus groups. Note that
the lower rates indicate the highest extreme value for each factor. As can be seen
from this figure, Scenario 2 and Scenario 4 are more difficult than other two scenarios;
where information has been relocated or requested by others to be re-found.
In comparing frequency and importance rates, it seems that the fourth scenario
regrading re-finding on behalf of others is a frequent task among the participants, but
not important as much as other scenarios. However, the other three scenarios appeared
to be important quite similarly. The third scenario on re-finding documents available
in multiple versions is frequent among participants. However, this type of task dif-
ficulty might be related to the type of the users in these two focus groups, as they
are students with the possible similar needs in generating and retrieving documents
in multiple versions.
Described Re-finding Experience and Characterizations
Some examples of gathered re-finding tasks from both focus groups are shown in Ta-
ble 3.4. Exploring the relationships between associated rates and gathered examples,
the described tasks were rated as the most difficult, and important cases but least
frequent tasks. This could indicate that although the difficult tasks might be less fre-
quent, they are important for the users to be addressed. The mean category response
values for the gathered examples were 2.6, 4.1, and 2.3 for the difficulty, frequency,
and importance respectively. Recall that lowest rates indicate the highest extreme
values for each factor (e.g. 1: “very difficult” vs. 5: “very easy”).
Information Sources and Characterizations
The difficulty, frequency and importance rates of re-finding tasks on different informa-
tion sources are illustrated in Figure 3.2. It can be seen that re-finding on the web is
the most difficult, and at the same time the most frequent and important information
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Scenario1 Scenario2 Scenario3 Scenario4
Difficulty
1
2
3
4
5
Scenario1 Scenario2 Scenario3 Scenario4
Frequency
1
2
3
4
5
Scenario1 Scenario2 Scenario3 Scenario4
Importance
1
2
3
4
5
Figure 3.1: The rates of difficulty, frequency and importance of re-finding for scenarios
in the second round focus group interviews. The rates are five-point likert-type scales.
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Table 3.4: Examples of gathered re-finding tasks from focus group interviews in the
second round.
Examples of Re-finding Difficulty
(a) I had bookmarked a particular website of interest, but then I had forgotten
the name of the website and that made it difficult for me to actually access the
website.
(b) I had trouble re-finding information from my download folder, I could not
remember where I stored the previous found information, so I went through
searching download folder, which was the original place that I stored the
information.
(c) Searching for a particular message about a crowdsourcing platform. They had
changed addresses. Their old domain was expired.
(d) Searching for my resume, I know it is somewhere on my computer, but I do
not know what hard drive, or which is the most updated version.
(e) Re-finding a specific definition of a word that I had found it previously.
source for re-finding tasks. On the other hand, re-finding on social networks such as
Facebook, appears to be the least frequent and least important in comparison to other
information sources. A diverse range of responses were gathered for difficulty of re-
finding in social networks, which could be due to the perception of users in considering
social networks as a searchable tool.
In comparing desktop and email sources, it appeared that re-finding on desktop is
more frequent and more important than email re-finding; however, the mean level of
difficulty is quite similar between these two sources.
Perceptions of Difficulty
In reference to the notion of re-finding difficulty and factors that could affect the
difficulty of re-finding, following factors were identified: time consumption, effort (e.g.
over-thinking), missing information, misleading information (the existence of similar
search results), availability of actual information, memory lapses.
Summary of the Second Round Interview
The second round of focus group interviews can be summarized as follows:
• Re-finding commonalities: There are common re-finding tasks across different
users, where users have difficulty in retrieving a known item. Moreover, a new
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Figure 3.2: The rates across different information sources for difficulty, frequency, and
importance of re-finding. The rates are five-point likert-type scales.
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common type of re-finding emerged when the known item was not seen by the
searcher, but it was described for the searcher to be re-found for someone else.
This could indicate that the landscape of re-finding tasks is broader than re-
retrieving explicit known items that were seen by the user.
• Re-finding experience: From the described tasks by the participants, it seems
that there might be rare cases that users have difficulty in re-finding; however,
those cases might be important to the user to be re-found.
• Re-finding on different information sources: From this round of interviews, it
appeared that the web is the most difficult, frequent, and important informa-
tion source for re-finding information; whereas, re-finding information on social
networks seems to be less important.
3.2 One-On-One Interviews
Following focus group interviews, we conducted a set of one-on-one interviews to ac-
quire more knowledge about the users’ tasks in the re-finding context. This exploration
broadens the scope of our user survey including participants and re-finding tasks from
an enterprise search context.
For this purpose, we interviewed six team members of a local enterprise search
organization one by one and asked them about their search experience. The one-on-
one interviews were conducted from June to August in 2012. Due to confidentiality,
we cannot release the name of this organization; however, here we provide general
information about the variety of roles in this organization, and also we introduce an
internal search tool that is used by employees in this enterprise organization.
The teams of this organization, where participants were recruited, include: Re-
search and Development, Products and Services, and System Administration, with
different roles including Lead Technical Consultant, Sales Executive, and Managing
Director. We do not go through the details of these roles, only from the search
perspective, all of the roles include performing search tasks in part. There is an in-
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ternal search tool for this organization, where all members with different roles are
able to search various data repositories through a single web interface. These repos-
itories include email, images, intranet, websites, and shared drives. Moreover, for
each repository, there are separate indexes and the organization members (enterprise
users) are able to select the repository that they want to search over. The key features
of this search tool include: accessing different repositories through a single interface,
keyword searching, query suggestion (e.g. spelling and thesaurus suggestions), cus-
tomizable ranking (boosting the rank of important pages), and contextual navigation
(which provides related subtopics based on the query of the user).
3.2.1 Pilot Interviews
We conducted pilot studies to provide better understanding of types of search needs
in an enterprise context, the applicability of re-finding needs, and particular features
of the specific enterprise search tool. This helped us in designing our main one-on-one
interviews.
Two pilot interviews were conducted. The first interview was mostly about dis-
cussing the purposes of conducting this survey and getting familiar with the search
tool; and the second one was the starting point to know more about the search diffi-
culties of team members. The summaries of pilot interviews will be discussed in the
next sections.
Types of Search
From the view of a member from a Research and Development team, searches are
categorized in three groups as: (a) people information, (b) bugs information, (c)
particular project document(s). Another member from a Products and Services team
categorized search tasks as: (a) people information, (b) client information, (c) project
information, and (d) functional specifications.
These examples of search types illustrate that although tasks might be conceptu-
alized differently by team members, there are common search tasks among members
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from different teams. Particularly, both members mentioned the frequent repetitions
of these search tasks over time (i.e. re-finding). Moreover, the types of documents are
not only web-based, but also other types of documents such as emails are searched for
re-finding purposes.
Search Issues
In this section, search issues captured from the pilot interviews have been listed.
• Issue 1: Finding documents when the user does not know where it is. In this
case, the user asks other team members to find out how to search for the target
document, and it seems that no hint is offered by the search tool.
• Issue 2: Re-finding information when unknown to the searcher the related doc-
ument has been changed or updated. For example, a new version of a document
has been generated, and members who create or aware of the new version, they
search for the new version and they can navigate to the old one too. However,
team members who are not aware of the new version, they will search based on
old keywords that come up with old documents, and they miss the new version.
• Issue 3: In some situations, keyword-based search is not effective. Users who
are new either to the information or organizational structure might not know
the related keywords.
With a particular attention on re-finding, among the listed issues, the re-location
of information appears to be one of the main reasons for re-finding difficulty, which
is in line with past studies (e.g. a study by Teevan (2006)). Moreover, new users to
organizations might encounter more difficulty in re-finding than expert users, due to
difficulty in remembering specific organization keywords.
Overall, from pilot interviews, we found out that re-finding needs are also common
in enterprise search applications, and people have difficulty in re-finding information.
More one-on-one interviews were required to provide a better understanding of these
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common re-finding tasks and search difficulties, which are discussed in the following
sections.
3.2.2 Main Interview Design
Following pilot interviews, we designed a set of questions for the main one-on-one
interviews that are explained in this section.
Pre-interview As at the time of interview, participants might not remember the
range of tasks that they carry out on the daily basis, a pre-interview step was designed
to prepare the participants in recalling tasks during main interview sessions. The
questions in the pre-interview form were about explaining search experiences in the
following scenarios:
• search difficulties
• frequent search needs
• recent search activities
• critical/important searches
• any other searches you have experienced using the internal organization search
tool
In the form, participants should explain what keywords help them to remember
the search example (i.e. cue), and provide the description of the search example. The
cue can be used to further categorize the gathered examples, or investigate common
information items that people could remember. Participants were asked to fill the pre-
interview form before attending the main session, whenever they perform or remember
a search task. Unlike the pre-interview sessions in focus group interviews which were
conducted on the same day of the main interviews (Section 3.1.1), in this survey
participants can fill the pre-interview form a week in advance. This could provide
more time to think about the experienced search examples.
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Moreover, this pre-interview form enabled us to gather relevant search examples
in the enterprise context that are discussed later in the main interview sessions.
Main Interview Following pre-interviews, the main interview sessions were de-
signed to discuss more about questions in pre-interview. Further questions were de-
signed regarding probable existing gaps in current search tools that might need to be
addressed for re-finding context, and gathering participants’ suggestions for potential
improvements. The questions are as follows:
• How can the internal organization search tool help you in finding information
items that you have already seen, but might not remember completely?
• Have you ever had a search task that has lasted for longer than a single session
(i.e., a task which you put aside and resumed at a later time), if yes, in what
situations does completing that task get difficult?
• In case that you are looking for a specific piece of information, are the cur-
rent summaries of results rich enough to redirect you to the correct part of the
document?
• Do other people play a role in completing your search tasks (examining collab-
orative and interactive aspect of re-finding tasks)?
• Do you have any search requirement that the current search tool does not sup-
port?
• Do you have any suggestions in improving the current search tool?
Other Investigations Other possible directions for investigations in interviews are
explained in the following list, which are either derived from related work, or proposed
based on the nature of tasks in an enterprise context:
• Due to the importance of user’s search goal in the IR literature, it could be
beneficial to investigate types of user’s intents in the enterprise context for fur-
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ther classifying searches (e.g. applicability of enterprise search goals proposed
by Russell-Rose et al. (2011) for the re-finding context).
• Finding similarity across users’ search behaviour could be another line of in-
vestigation (collaborative task-based scenarios). Examples: suggesting search
results that have been accessed with similar keywords submitted by others, or
suggesting keywords that have been submitted by others who clicked on the
same documents.
• On the other hand, due to inherent shareable and dynamic nature of information
in the collaborative context and different usages by different members, this could
be probable that the contexts of previous uses need to be reconstructed for later
use. In the other words suggesting the previous context can be more confusing
instead of useful. This can be further investigated that in what situation previous
context is needed and when it should not be taken into account.
3.2.3 Observations from One-On-One Interviews
Here we report the summary of the interview results corresponding to the questions
in previous section. Six participants were interviewed in a face-face mode. The par-
ticipants were recruited from different teams including Research and Development,
Product and Services, and Systems Administration, and in different roles including
Lead Technical Consultant, Sales Executive and Managing Director. Moreover, they
were from a different range of experience from four-month to one-year experienced
team members.
Gathered Search Examples in Pre-interview
As discussed in Section 3.2.2, first participants provided a set of task examples in
different scenarios, in addition to cues that helped them in remembering the tasks.
The examples of gathered tasks are presented in Tables 3.5 and 3.6. The first table
reports the examples from participants in the same team, whereas in the second table
participants were from managerial roles from different teams. Although some of the
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search examples include technical details related to the particular organization under
investigation, some commonalities and differences can be inferred from the associated
cues.
From the tables, it can be seen how different participants associate cues to the
tasks. Even participants from the same team associate different cues to the similar
tasks (e.g. staff information from participant 1 versus looking up contact details from
participant 2 in Table 3.5). This could be an indication that people use different
keywords to re-find the same information.
Some participants filled the cues by the category of the task (e.g. general docu-
mentation search from the second participant in Table 3.5), or detailed descriptions
(such as checking how to specify a scope match from the third participant). This could
be an indication of different levels of generalizations in expressing information needs
across users.
On the other hand, there are common keywords used by members from different
teams (e.g. TRIM in tables 3.5 and 3.6). These specific keywords might be difficult
for new recruited enterprise users to remember at re-finding time. Moreover, some of
the cues are related to the location of the target information or type of information
to be re-found (e.g. JIRA, which is a repository for tracking issues in regard with a
product). This would be representative of important components, which could impact
on the way people re-find.
Overall, the pre-interview step provided us with a set of search task examples
for further discussions in the main interview sessions, meanwhile preparing the par-
ticipants for the interviews. Moreover, the variety and commonality between cues
could indicate potential similarity and differences in the way that people express their
re-finding needs.
Main Interview Findings
Following pre-interviews, one by one sessions were held to interview participants,
where each session lasted for less than one hour. In these interviews, participants
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Table 3.5: Gathered task examples and associated cues from participants in Products
and Services team.
Cue Description
Participant 1
- JIRA - Searching for a specific ticket number, tickets by
author
- Staff information - Staff contact details
- Internal documentation - Documentation related to everyday technical tasks
- Support tickets - Support emails relating to the client
Participant 2
- Organization documentation - Documentation on the organization product
- Confluence pages - Searching for confluence pages
- Jira tasks - Looking up previous Jira tasks
- Senior researcher writings - Reading the researcher’s papers
- Functional specifications - Looking for client’s functional specifications
- Looking up contact details - Finding a staff members phone number, cause I
cannot remember it
- Looking up contact details of
clients
- When I need some details of clients
- 24/7 support instructions - When I’m on 24/7 support
- Fiddling with a researcher’s
search form UI changes
- Not a search, but I log in to test out his UI changes.
Participant 3
- General documentation search - Searching for query blending options, how to setup a
directory/people collection
- Searching for a Salesforce con-
tract
- Salesforce search is hard to use; trying to find the
correct contract is easier in our setup, but can be
out-of-date.
- Checking how to specify a scope
match
- Couldn’t remember exact syntax
- Checking phone numbers - Looking up extension number when transferring the
phone.
- Searching for load balancer in-
structions
- Usually a high-value, urgent task as I only look for
them when something goes wrong.
- Looking for Office IPs - Trying to provide Office IP ranges to Squiz to allow
restricted access to particular servers from our
location.
- TRIM - Looking to confirm TRIM setup information prior to
making a proposal to DOT.
- Permgen - Checking if a previous JIRA issue had been raised
about this bug. Then have to manually scan results.
- Preferred servers - Trying to find any information on why and how this
setting exists on the AGIMO servers (found in file,
uncertain of what it did or who had responsibility for
it).
- Transact noc - Looking for procedures for contacting Transact
during an outage (also phone number)
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Table 3.6: Gathered task examples and associated cues from participants in other
teams including Systems Administration, Lead Technical Consultant, and Sales Exec-
utive.
Cue Description
Participant 4: System Administrator
- Web and enterprise search dif-
ferences
- Web search and enterprise search differ in the queries
I submit. For web search I am in most cases looking
for documents I have not seen before. On enterprise
search I am often searching for documents I have
already viewed before. This may suggest that
enterprise search should go further then just stemming
and maybe even rank up documents containing
synonyms. Although this could become far to difficult
as a query with 4 words in it might require bringing
up 16 postings lists. Using something like BlockMax
indexes would probably be a solution, assuming
synonyms actualy do bring up useful results.
- Drop down suggestions - (no description)
- Break up of collections - (no description)
Participant 5: Lead Technical Consultant
- General documentation search - Searching for query blending options, how to setup a
directory/people collection
- Searching for a Salesforce con-
tract
- Salesforce search is hard to use; trying to find the
correct contract is easier in our setup, but can be
out-of-date.
- Checking how to specify a scope
match
- Couldn’t remember exact syntax
- Checking phone numbers - Looking up extension number when transferring the
phone.
- Searching for load balancer in-
structions
- Usually a high-value, urgent task as I only look for
them when something goes wrong.
- Looking for Office IPs - Trying to provide Office IP ranges to Squiz to allow
restricted access to particular servers from our
location.
- TRIM - Looking to confirm TRIM setup information prior to
making a proposal to DOT.
- Permgen - Checking if a previous JIRA issue had been raised
about this bug. Then have to manually scan results.
- Preferred servers - Trying to find any information on why and how this
setting exists on the AGIMO servers (found in file,
uncertain of what it did or who had responsibility for
it).
- Transact noc - Looking for procedures for contacting Transact
during an outage (also phone number)
Participant 6: Sales Executive
- Geospatial - Was looking for information on geospatial search for
a presentation I was giving to a mini conference in
New Zealand. Managed to find an old presentation
that someone else gave which was incredibly helpful.
- Staff Contact Details - Always use it for staff mobile numbers
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were asked to explain more about the tasks that they provided in the pre-interview
step. Furthermore, discussions were conducted based on the designed questions in
Section 3.2.2.
The main findings regarding the types of search tasks and difficulties are summa-
rized in the following items. Some of these items provide better insights for improving
the experience of users in re-finding information, which can be addressed in future
work.
• The vast majority of the search tasks among different enterprise users are related
to finding information that has been seen before, which is in accordance with
the dominant search request in the personal context, which is re-finding. In the
enterprise context, unknown scenarios can be converted to known search cases
as more information can be gathered from colleagues, which might be due to
the collaborative nature of tasks in the enterprise context. Also the information
can be more probably re-used by others in different ways that can provide new
challenges; for example, when to utilize the previous context and when there is
a need for re-contextualization.
• A pattern was identified when the user gathers information from other col-
leagues to carry out either their own tasks (such as novice users, searching for
unknown/forgotten information, or for confirmation purposes), or when the user
has to do a task on behalf of others (e.g. due to the absence of the task per-
former). This pattern makes an unfamiliar situation to a known-item search,
which can be considered as a type of re-finding task. This type of re-finding
was discovered in the focus group interviews summarized in Section 3.1.4, which
shows that this type of the task is common for the enterprise users as well.
• Submitting the same query can have different purposes over time. In other
words, by repeating the same query, the user might need exactly the previously
seen document, a part of the document, a part of the document that has changed,
or even other documents related to the seen information. For example searching
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about a particular ticket issue can be for: a) finding the number of a specific
ticket issue; b) searching for the updated information on a ticket issue; or c)
searching for all documents related to that ticket issue. This needs further
explorations for tuning results in providing fewer options or more diverse results
given the same repeated query from the user.
• Role personalization as a further requirement. From the conducted interviews in
gathered search tasks and identified difficulties, one line of research for the next
step could be investigating personalization based on the role of the user, where
a set of search results are recommended for people with the same role. The role
personalization can be related to the other concepts such as corporate/ collec-
tive/ organizational memory (how we can make the inquiry process automatic
to improve the productivity of users, and provide more flexibility in re-uses of
information in the enterprise context by utilizing others experience).
• In categorizing search tasks in terms of the granularity of target information
(lookup, one-item, and multi-item), some interviewees related the levels of in-
formation granularity to their certainty about what is the right information.
However, in some cases the granularity has been related to the nature of the
task, where multiple information items are required to be retrieved; such as
investigative tasks, or collective tasks for gathering the background history of
a customer. This shows that different levels of information granularity can be
searched in the enterprise context the same as web and email search granularity.
• For some roles such as managing director, most of searches include the entity
names of companies and clients rather than the products. In relation to re-
finding tasks, it can be investigated what difficulties people have in remembering
the names of different entities.
• For finding some particular information, (e.g. a configuration option), users do
not try to remember the information. Although they need that information
multiple times every day, each time they prefer to re-find it via the search tool,
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as it is easy to search. What are the other types of frequent information needs
that people rely on the search tool? And as they are frequent, is there any
re-finding shortcut available? Are there any other types of information needs
that enterprise users rely on the search tool to find, as it could be difficult to
remember; however, it is not easy to find using the search tool? These are the
questions that can be investigated in future work.
• Participants agreed on the requirement to have access to search histories, even
from a different team to improve their re-finding experience. In the case that
histories are from different teams, a filtering option can be considered, as in
some scenarios the searcher needs to access other teams’ interactions, while
for other cases the interactions from the same team are more useful (based on
the required level of expertise). One user interpreted this facility as a facet
like date and information type that could be very helpful. Moreover, having
particular customizations for their own team has been discussed; such as priority
of information sources, or providing some default search settings. The search
history recommendations can be helpful particularly for new comers to better
learn search terminologies for re-finding information.
• Regarding the similarity of tasks, most interviewees compared their search tasks
in terms of the topic of the information to be found, and the reason that the
information is required (search goal). There were other perceptions in the simi-
larity of tasks; such as the relatedness of information items targeted in two tasks
to be under the same project. Moreover, when there is a need to search for two
tasks together, the tasks have been perceived as similar. These indications of
similarity can be used as the means of identifying types of re-finding tasks.
• Some documents are searched by their creators. However, some documents are
created and they would be accessed by others. This indicates different levels
of user’s interactions and familiarity with the target information, and the re-
finding behaviour of the creator can be utilized for the other searchers.
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• There are some purposes for searching information to be put in a new document.
Once the information is put in a new document, for the further accesses the user
prefers to search among the created documents for that particular information,
rather than searching the original source of the information. This is slightly
different from previous studies in re-finding context, as people tend to re-find
the information by repeating their previous search.
Examples of the main findings are illustrated in Table B.1 from Appendix B with
sections corresponding to the main questions explained in Section 3.2.2.
Other Explorations
Other task examples, search conditions, and system improvements gathered from one-
on-one interviews are summarized in Table B.2 from Appendix B. These examples are
more specific to particular situations rather than general categorizations discussed in
previous section. One example is the requirement of addressing re-finding needs in
a collaborative mode, when users could re-find together or learn from others. These
specific examples can be signals for particular needs of the users and requirements
that can be studied in a broader scope in future work.
Summary of One-On-One Interviews
From interviewing enterprise users, two main findings can be summarized: 1) re-
finding is an important type of search tasks in the enterprise context; 2) enterprise
users have difficulty in re-finding information.
Particularly due to the collaborative nature of an enterprise context, new types of
re-finding tasks emerged. The types of re-finding tasks in an enterprise context can
be summarized as follows, when users
• have experienced the information before (known-item search, also referred to as
re-finding)
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• have experienced the information before; however, unknown to them information
has been changed or updated (partial known-item search)
• have some level of knowledge about the information such as searching for some
information on behalf of others (virtual known-item search)
The latter case could happen frequently in the collaborative environments as team
members ask questions about target documents from their colleagues, and at the time
of retrieval, they are using information that can be interpreted as a virtual experience,
as they have not seen the actual document.
The point that whether the user has seen the target information or not, and also
if the user has previously performed a search for the exact information could result
in different re-finding behavior, and also different levels of users’ expectations from
the search engine. For example, if the user has searched for the same information
previously, they might have higher expectations of getting help from the search system.
From what interviewees suggested, the collaborative nature of an enterprise context
can be utilized to address re-finding difficulties, such as using the search history from
other team members who look for the same targets.
Furthermore, the similarities and differences between users tasks can be used to
classify re-finding tasks, and better evaluate re-finding behaviour.
3.3 Summary: Overall Re-finding Landscape
In this chapter, a set of user surveys were conducted in two modes of focus group
interviews, and one-on-one interviews to better illustrate the landscape of re-finding
tasks and search difficulties.
Some of our findings are inline with past research results, while others are new
to the literature. For example, re-finding appeared to be the dominant task type not
only for personal retrieval (e.g. as mentioned by Elsweiler et al. (2011d), but also in
the enterprise context. Moreover, users might have different needs by issuing repeated
queries, which has also been mentioned in past research (e.g. a study by Teevan et
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al. (2007)). However, due to the collaborative nature of enterprise context in our
interviews, we were able to detect new types of re-finding tasks, which have not been
studied previously.
Past research on re-finding tasks considered the repetitions between searches of
the same user as re-finding (as discussed in Chapter 2), where the re-finding task is
paired with a previous original search. However, in this chapter from conducted user
surveys, it can be seen that the landscape of re-finding tasks is broader than what has
been explored previously.
First of all a re-finding task might not be necessarily paired with a corresponding
original task. In some cases re-finding could occur in an isolated form. Examples of
the isolated re-finding tasks are as follows:
• the searcher cannot be identified (e.g. no login information, accessing from a
different location).
• the information being re-found may originally have been found by means other
than searching (e.g. browsing, or social links).
• the target information is neither searched nor seen by the searcher, instead the
known-item is described for the searcher (e.g. searching on behalf of others
common among undergraduate students, librarians, and enterprise employees).
Secondly, the paired tasks might not always have overlapping in clicked search
results. We refer to this type of re-finding as paired but with no click overlapped.
Examples include:
• cases where the address of the click has changed by the time that re-finding is
attempted, but the corresponding target document is the same.
• where the user failed to reach the same target document, thus having the same
task but not resulting on overlapping clicks.
Given the new identified types of re-finding task, the landscape of re-finding is
illustrated in Figure 3.3. Each type could include easy or difficult tasks. For example,
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Re-finding
Isolated
difficulteasy
Paired
No Click Overlapped
difficulteasy
Click Overlapped
difficulteasy
Figure 3.3: The landscape of re-finding tasks. Note that ’click’ refers to the user’s
engagement with returned results from a search engine for recognizing the target
document independent of the search domain.
paired task with no click overlapped could include examples where the address of the
click has changed but the corresponding document is easy to be re-found; on the other
hand, there could be cases when the user is struggling to reach to the same documents.
Studying each type of re-finding tasks might require different tools. As an example,
studying pair-wise type of re-finding can be addressed through query logs with ana-
lyzing the corresponding original searchers of the user; whereas for the isolated type
of re-finding, it might also require collecting the perception of users about re-finding
tasks and search difficulty. The focus of this thesis is mainly on studying pair-wise
re-finding tasks particularly in difficult situations, which has implications for further
studying the isolated type. In the next chapters we discuss the identification and ex-
ploration of pair-wise re-finding tasks. We also re-visit the isolated type in Chapters 6
and 7, and motivate further explorations on this type of re-finding tasks.
Chapter 4
Descriptive Analysis of Re-finding
Behaviour
Previously we explored the perception of users in differentiating re-finding tasks and
difficulties (see Chapter 3 and Appendix C). As the importance of behavioural fac-
tors in studying general search tasks and detecting difficulties, we explore re-finding
behaviour in the rest of this thesis. To this aim, first we introduce basic concepts and
procedures in studying re-finding behaviour using query log analysis. The reason that
we employ a new approach of query log analysis in this Chapter is that the log analysis
has been established in past research for studying search behaviour (e.g. (Liu et al.,
2010, 2012b)). However, we also take advantage of qualitative analysis in the previ-
ous chapter, which enabled us to identify new types of re-finding tasks. We use the
knowledge from the qualitative analysis to segment and analyse the logs for studying
re-finding behaviour, which will be explained in this Chapter.
As discussed in Chapter 2, identifying re-finding tasks mostly relies on the repe-
titions in the content of queries and clicks, and not the search behaviour of the user.
Moreover, difficulties in the context of re-finding on the web is restricted to changes of
web sites and search result lists (Teevan, 2006), and a limited number of behavioural
features have been studied (Capra, 2006). Behaviours in re-finding have been studied
in focus on other search applications such as email search (Elsweiler et al., 2011a,b).
However, research has shown that different search tasks induce different types of dif-
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ficulties (Liu et al., 2010).
In the broader context of general web search, identifying user difficulties has been
explored in terms of the range of behavioural features for different task types using
query log analysis (e.g. Liu et al. (2010, 2012b)). In another study on what makes
search tasks difficult (Kim, 2006), search behaviour appeared to be more indicative of
task difficulties in comparison to the other features such as topic or search experience.
This motivated us to study re-finding behaviour and identifying difficult tasks
in the particular web search context using query logs. The details of re-finding be-
havioural indications will be discussed in Chapter 6. In this chapter we focus on
basic concepts in query log analysis techniques and pre-processing that are required
for studying re-finding tasks.
4.1 Dataset and Segmentations
In this section, we explain the segmentation and format of our query log dataset,
which is further explored for extracting potential re-finding tasks.
Different log segmentations have been proposed in past research including sessions,
goals, and missions as defined by Jones and Klinkner (2008):
• A session is identified based on a fixed timeout in user activity.
• A goal is composed of a group of related queries and corresponding clicks sub-
mitted by a user.
• A mission segmentation includes related but multiple information needs.
Getting back to the task concept, which is defined in 2.1.2, we focus on goal
segmentations as the representative of a task in this thesis, since a goal is related to
an atomic search need; while missions identify multiple information needs. Previous
work has also shown that goals are more accurate than session timeouts for identifying
task boundaries.
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To extract task boundaries for goal segmentations, Jones and Klinkner developed
classifiers to identify the relatedness between queries to be considered under the same
task. The developed classifiers are based on four types of features as follows:
• Temporal features: Examples of temporal features are inter-query time, and
whether the queries are sequential in time. It was shown that the temporal fea-
tures might not be effective in detecting task boundaries by themselves; however,
they are helpful jointly with other features.
• Edit-distance features: The main idea for edit-distance features is that com-
mon words between queries could increase the chance of query relatedness for
a task. This type of features is in two levels of character-edit distance for spell
corrections and common stems (e.g. number of characters in common starting
from the left), and word-level features (e.g. number of words in common).
• Query log features: The type of query log features is for identifying seman-
tic relationships between queries, particularly useful when there is no syntactic
commonalities. The researchers used the log-likelihood ratio scores to identify
pairs of queries which happen together not by a chance.
• Web search features: This category of features measures the relatedness be-
tween queries based on the commonalities between the terms of their correspond-
ing search results.
The goal identification approach discussed above has recently been used for a task
discovery with an accuracy of 92% (Lucchese et al., 2013). We used the same approach
for identifying goals in this thesis.
For initial query log explorations, a sample of goals was taken from 30 days of
interactions from 2,847,028 unique anonymized users with the Yahoo search engine,
from the 1st − 30th of October 2012. 1 As illustrated in Figure 4.1, each user’s goal
1The data was provided from a grant that we received in 2012 from the Yahoo Faculty Research
and Engagement Program. This program is designed for collaborations between academics and Yahoo
research scientists.
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User ID: 0bb1a968faabb
Timestamp:1349895600
Interaction Events:
Q: wrestling new T:1
Q: wrestling news T:3
C(2): www.wrestlinginc.com/ T:319
C(5): www.wrestlezone.com/
Figure 4.1: Example of a goal consisting of the anonymized user who generated the
goal (User ID), followed by a timestamp when the goal begins (Timestamp), and a
set of events. Each line presents an event: a query (Q) or a click (C). C(n) indicates
the rank of the clicked URL. T: n represents the dwell time in seconds.
consists of a set of events including the submitted queries, the URL, the rank position
of clicked search results, and a timestamp for each event. In the rest of this thesis, we
show the main events in illustrating user’s goals for simplicity.
We followed the terms of service and privacy policies of Yahoo, which are regarding
restricted data that is generated by users. The privacy of anonymous user data was
preserved. The anonymized user identifiers were used only for acquiring insights into
the general behaviour of the users and they were not mapped back to actual logged-in
activity data.
4.2 Potential Re-finding Tasks
As a basic constraint, re-finding happens over time for each user. Therefore, all
goals from the same user were extracted and ordered by their timestamp, and all
goals were paired. Note that, all possible sequential pairs were considered as shown
in Figure 4.2. However, paired goals that occurred less than thirty minutes apart
were not considered, since we were not interested in short-term re-finding. This time
constraint was not applied for the identification of a task, since there could be related
queries belonging to a task that are interleaved with queries from the other tasks in
a short time interval. The possibly interleaved tasks were identified through the goal
classification introduced in 4.1. We, then applied the time constraint of the short-term
re-finding removal on the output of the goal classification.
In total, 39,683,301 paired search goals were extracted from our sampled data in
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User Sequential User’s Goals # of All
Paired
Goals
Examples of Paired Goals
A {G1, G2, ..., Ga} a: # of
Goals generated by User
A
a×(a−1)
2 < G1, G2 >,< G1, G3 >, ..., <
G1, Ga >, ..., < G2, G3 >,<
G2, G4 >, ... < G2, Ga >, ... <
Ga− 1, Ga >
B {G1, G2, ..., Gb} b: # of
Goals generated by User
B
b×(b−1)
2 < G1, G2 >,< G1, G3 >, ..., <
G1, Gb >, ..., < G2, G3 >,<
G2, G4 >, ... < G2, Gb >, ... <
Gb− 1, Gb >
... ... ... ...
N {G1, G2, ..., Gn} n: #
of Goals generated by
User N
n×(n−1)
2 < G1, G2 >,< G1, G3 >, ..., <
G1, Gn >, ..., < G2, G3 >,<
G2, G4 >, ... < G2, Gn >, ... <
Gn− 1, Gn >
Figure 4.2: The procedure of pairing search goals from the same user to identify
potential re-finding goals. G: represents a search goal generated by the user.
Section 4.1. We refer to the first goal in a pair as the original, and the second as the
potential re-finding goal.
4.2.1 Exact-last-click vs. Other-overlapping-click
In past studies, re-finding has typically been defined based on repetitions of clicks
on the same URLs within the searches of the same user (Teevan et al., 2007; Tyler
and Teevan, 2010). We therefore need to add another constraint for identifying re-
finding tasks, which extracts paired goals with overlapping clicks. Here, we categorized
the repetitions of clicks under two main categories depending on where the repeated
clicks occur. In the first category, we considered those paired goals where at least one
overlapping click repeated in the last clicks of both original and potential re-finding
goals, which we refer to as an exact-last-click. Past research has shown that the last
click in a task is an important signal for the relevancy of a click (Zhang et al., 2013).
Adding this condition increases the likelihood of including re-finding tasks. However,
given that the target document can be clicked in the middle of a goal, we defined the
second category as the other-overlapping-click, which includes those paired goals with
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Original Goal
Q: movie trailers T: 13
C(1): www.comingsoon.net/trailers/ T: 19
C(6): www.traileraddict.com/ Exact-last-click
Re-finding Goal
Q: trailers of movie T: 1
C(2): www.trailer.com/ T: 5
C(3): www.traileraddict.com/ Exact-last-click
Original Goal
Q: madagascar clips T: 2
C(1): www.youtube.com/watch?v=v86leFpECro T: 40 Other-overlapping-click
Q: madagascar 3 T:4
C(2): www.imdb.com/title/tt1277953/
Re-finding Goal
Q: madagascar clips T: 1
C(1): www.youtube.com/watch?v=v86leFpECro T: 1000 Other-overlapping-click
Q: madagascar 3 europe’s most wanted T: 5
C(3): www.youtube.com/watch?v=mVEinXUrEp0
Figure 4.3: Examples of an exact-last-click and the other-overlapping-click paired
goals.
common click(s) not in the last click of both goals. Examples of these two categories
are shown in Figure 4.3. In the first example, paired goals are common in their last
clicks; whereas, in the second example, the common click appears earlier in search and
not necessarily in the last click of the re-finding goal. Among all paired goals in our
dataset with overlapping clicks, 95.6% relates to the exact-last-click category, and the
rest, i.e. 4.4%, consists of the other-overlapping-click pairs.
4.3 Relative Re-finding Length
To obtain a better understanding of re-finding landscape, we started from a descriptive
analysis of query logs. We particularly study re-finding goals in terms of their length
(in the number of queries and clicks), and a time gap between re-finding goals and
corresponding original goals.
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4.3.1 Query/Click Count
We compared the length of re-finding goals relative to the corresponding original goals
in terms of numbers of submitted queries and clicks. The relative differences in length
are illustrated in Figure 4.4 using a Kernel Density Function, which estimates the
probability density function (PDF) of a variable (here the relative length difference)
(Bowman and Azzalini, 1997). The probability function describes the relative likeli-
hood for the difference variable to take on a given value. Although histograms are
helpful for illustrating the distribution of variables, they can vary dramatically based
on the number of bins in illustrating the distributions. Here we use kernel density esti-
mators, as it has been recommended as a tool for averaging and smoothing histograms
(Tukey, 1977).
As shown in Figure 4.4, the density probabilities for the relative differences in
length were computed in terms of the number of a) queries; b) clicks; and c) both
queries and clicks. We also compared the density of length differences for the two main
categories of exact-last-click and other-overlapping-click (proposed in Section 4.2.1).
It appears that the majority of re-finding goals are in equal length with their cor-
responding original goals, as the highest probability belongs to no difference (relative
difference with 0 value in all three diagrams in Figure 4.4). It might be interpreted that
those re-finding goals with equal length to the original goal are examples of successful
tasks as the user was able to accomplish the task in the equal number of query/click
activities comparing to the original goal. However, a lower number of activities might
be expected as a stronger signal of a successful re-finding task, as the user has ac-
quired knowledge about the target document in the original access. It seems that the
number of re-finding goals shorter than original (negative relative difference values in
all three diagrams) is relatively low, which leads to zero density probabilities. This is
the same for the number of re-finding goals longer than original goals in length, where
the density probability is zero for the positive relative difference values. However, the
range of differences for the longer re-finding goals is broader than the shorter goals.
For example, in the second diagram in Figure 4.4 for the relative differences in num-
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Figure 4.4: Probability density of relative differences in number of queries and clicks
between original and re-finding paired goals for exact-last click (non-dashed line) and
other-overlapping-click (dashed line).
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ber of clicks, there are positive values greater than 100 whereas negative values are
greater than 50. A broader range of longer length re-finding could indicate different
levels of difficulty in re-finding, as the user needs to put more effort in the number of
queries/clicks to reach to the same target document.
In comparing the exact-last-click category with the other-overlapping-click, the
equal number of queries (i.e. the relative difference of zero in the first diagram of
Figure 4.4) is more probable for the other-overlapping-click paired goals. However,
from the second diagram, the paired goals with exact-last-click are more likely to be
equal in the number of clicks. Overall, considering both numbers of queries and clicks,
paired goals from the other-overlapping-click category are more likely to be equal in
length in relation to the original goals. One reason for the differences in equal length
probabilities could be due to the likelihood of being a re-finding task. The exact-last-
click category might be a stronger signal of a re-finding task, and although the major
paired goals could occur in equal length, there are more instances of shorter or longer
re-finding goals in comparison to the other-overlapping-click. In an exact-last-click re-
finding, the user is likely searching for the exact same document found in the original
access, and the re-finding access could be an easier task (shorter re-finding) or more
difficult task (longer re-finding). However, the category of the other-overlapping-click
might include some cases of work resumption, or the tasks with the same need but
with less restrictions to get to the same document, which might be accomplished with
relatively the same effort in terms of numbers of queries and clicks.
The two categories of exact-last-click and other-overlapping-click paired goals
could also be indicative of re-finding tasks with different difficulty levels. As an exam-
ple, shorter re-finding goals could be a successful re-finding signal for paired goals with
exact-last-click; whereas it might be a frustration signal for other-overlapping-click,
when the user abandoned the re-finding task or switch to another search engine due
to search difficulties. The query and click indications for identifying re-finding and
task difficulty will be discussed in more details in Chapter 6.
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4.3.2 Query/Click Time
Besides the number of submitted queries and clicks, other aspects such as time can
also be used to characterize re-finding and task difficulties. In this section, we studied
the relative difference in dwell time of queries and clicks. Similar to Section 4.3.1, we
used the Kernel Density Function to estimate probability of dwell time differences.
The densities were shown in three diagrams in Figure 4.5 for dwell time after queries,
clicks, and both queries and clicks respectively. We also considered the differences
between two categories of exact-last-click and other-overlapping-click paired goals.
Here, we considered a minimum amount of dwell time, particularly for cases that
they only contain one query or one click without any dwell time to be able to compute
relative time after queries or clicks. This minimum amount was set to one millisecond,
which was lower than the minimum available spent time on queries and clicks in our
dataset(i.e. 1 second).
Looking at the first diagram of Figure 4.5, there is a probability of equal length in
time after queries for paired goals with exact-last-click (the zero relative difference in
the first diagram). However, the relative difference for dwell time of queries of paired
goals in the other-overlapping-click category appears to be varied, as the density
probability is almost zero. Moreover, it can be seen that re-finding goals are shorter
in spent time after queries than original goals (the range of negative values in the first
diagram of Figure 4.5). However, they are still low in number, which leads to low
density probabilities.
Regarding the time after clicks in the second diagram of Figure 4.5, both exact-
last-click and the other-overlapping-click paired goals are likely to be equal in time
length, yet shorter and longer length re-finding tasks are less probable. In comparing
the second diagram with the first one in Figure 4.5, it can be seen that the time after
queries is a more distinctive signal than the time after clicks.
Overall, considering total dwell time in search, the other-overlapping-click paired
goals are more likely to be in an equal time length than exact-last-click paired goals.
This can be related to the explanation in Section 4.3.1, where the exact-last-click
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Figure 4.5: Probability density of relative differences in dwell time of queries and clicks
between original and re-finding paired goals for exact-last click (non-dashed line) and
other-overlapping-click (dashed line).
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Figure 4.6: Probability density of differences in number of days between original/re-
finding paired goals.
category can be a stronger signal of re-finding and the user makes different levels of
effort (either easier or more difficult) to reach to the exact same document; whereas,
it might not be such an exact document restriction for the other-overlapping-click
category, and the level of efforts might be quite similar across the searches of the same
user.
4.3.3 Time Gap to Repeat
In this section, we illustrate the time gap between re-finding goals and the correspond-
ing original goals. In Figure 4.6, the density probabilities (introduced in Section 4.3.1)
were shown for the time gaps in both exact-last-click and the other-overlapping-click
paired goals. The probability of occurring re-finding in the same day as the original
goal acquired the greatest density for both categories of paired goals. However, the
probability of occurring re-finding in the same day is higher for the other-overlapping-
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click in comparison to exact-last-click paired goals. This maybe due to a high volume
of resuming search tasks in the same day, when the user re-finds a previously seen doc-
ument (i.e. an overlapping click), they continue their search to find other documents,
which is under the type of “other-overlapping-click” category.
The likelihood of having longer time gaps is affected by the time window of the
captured query log. The query log dataset that we sampled for the initial exploration
in this chapter is one month in length. In Figure 4.7, the time gap densities were
normalized by the likelihood of having each gap in the captured time window. As an
example, there are 23 possibilities for having one-week gaps, whereas 9 options for the
gaps in three weeks, which are normalized in Figure 4.7.
Overall, it can be seen that there is a decreasing trend in the probability of oc-
curring re-finding tasks over the time. This indicates that either people do not need
previously seen documents after a long period; or it is difficult for the user to re-find
a seen document after a long time, and they have to be satisfied with alternative
documents.
4.4 Burst Rates of Re-finding
It was shown that re-finding tasks occur in bursts (Tyler and Teevan, 2010). Here,
we measured the burst pattern of target re-finding URLs, which could be a signal for
identifying re-finding tasks. A burst rate is defined as the sharpness of a click rate
change of a URL (Liu et al., 2012a). This particularly could help us in distinguishing
easy and difficult re-finding tasks associated with the rate of accesses to the target
URL. As a more accessed URL might be easier to re-find.
To measure the burst rate of a target re-finding URL, first we need to identify
the target URL. For this exploration, we considered paired goals in exact-last-click
category, as they ended with the same URL, which is likely to be the target re-finding
URL. To measure the burst rate of a URL, a set of frequencies are required (see Ta-
ble 4.1), which are defined by Liu et al. (2012a). Given a time period of one month
data, and frequency measures described in Table 4.1, the burst rate of a URL is cal-
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Figure 4.7: Normalized probability of differences in number of days between
original/re-finding paired goals.
culated as follows (with a value between 0 and 1):
BurstRate(u) = 1− (−∑ni=1 rate(u)i × lograte(u)in ) n = number of days
Among 406995 number of unique URLs in one month data, 61333 of URLs (i.e.
15%) were extracted from the last click of re-finding goals in the exact-last-click cat-
egory. The density probability of burst rates for target URLs in exact-last-click re-
finding goals was illustrated in Figure 4.8. Within the last clicks of re-finding goals,
61% of URLs achieved burst rates greater than 0.7. This rate validates previously
burst pattern, which was identified for re-finding tasks (Tyler and Teevan, 2010).
This measure could be used for either identifying re-finding patterns or a com-
plementary tool to validate whether the identified task could be a complex re-finding
task, or some simple navigational repeats.
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Table 4.1: Frequencies required to be calculated for the burst rate of a URL, defined
by Liu et al. (2012a).
Measure Description
freq(q, u) Click frequency of a pair of a (q : query, u : URL), which is how
many times the URL u was clicked following the query q.
freqi(u) Click frequency of a URL u within the i
th day of the month, which
is how many times the URL u was clicked within a particular day
freq(u) Click frequency of a URL u in a month; the above frequency but
over one month instead of one day
ratei(u) i
th day click rate of a URL u, which is freqi(u)freq(u)
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Figure 4.8: Probability density of burst rates of the target clicks in re-finding goals in
our query log dataset.
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4.5 Classes of Query/Click Overlapping
Another important factor, which could have implications for both the identification
of re-finding and the level of task difficulty is the similarity between paired goals.
In past research, Teevan et al. (2007) classified pairs of search queries and clicks
into different types of re-finding. They examined whether the paired queries were equal
or not, and explored the overlap between result clicks. With the aim of identifying
tasks that are more likely to be re-finding, all paired goals from our query log were
classified using the query re-finding classification proposed by Teevan et al. (2007). A
goal was classified based on the class of their queries. The classes are exclusive; if a
goal could belong to more than one class, the most restrictive class was selected. For
example, if a goal contained both equal queries and different queries in comparison
to the corresponding original goal, the equal query was considered which is more
restrictive. Although the classification studied by Teevan et al. was proposed for the
query level, broadly same fraction results could be obtained at the level of goals. The
identified classes with likely re-finding intent from the study by Teevan et al. were
bolded in Table 4.2. However, these likely re-finding classes were not adequate for our
explorations. First, this way of classifying goals are limited to the level of queries,
and incorporating goal-level indications would be required. Moreover, the current
classification was restricted to exact matches between queries and clicks, which would
be likely more indicative of easy tasks. While this was an effective categorization,
we need to extend the approach for our analysis to the level of search goals, since a
(difficult) search goal typically includes multiple queries and multiple sets of clicks.
Identifying re-finding goals with the main aim of difficulty detection is challeng-
ing as it has two sides. More commonalities between paired goals could increase the
chance of the second goal as a re-finding. On the other hand, given that the second
goal being re-finding, less commonality would be more indicative of having difficul-
ties. Considering these two sides, we proposed a new goal classification with total 25
classes in multi-level query/click commonalities between the paired goals, which are
illustrated in Table 4.3.
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Table 4.2: Classification of goals using re-finding query classes by Teevan et al. (2007).
All goals:
Overlapping Click Queries 3101564 (7.82%)
No Common
39683301
Equal Click Queries 2971217 (7.49%)
Some Common
Clicks
(100%)
Single
Identical
Click
2963798
(7.47%)
Multiple
Identical
Clicks 7419
(<1%)
Clicks 130347
36581737
(<1%) (92.18%)
Equal
Query
Queries
3045541
(7.67%)
Navigational
Queries
2705790
(6.82%)
6733 (< 1%) 92758 (<1%) 240260
(<1%)
Different
Query
36637760
(92.33%)
258008 (<
1%)
686 (< 1%) 37589 (<1%) 36341477
(91.58%)
Table 4.3: Classification of goals using multi-level query/click commonality levels, for
identifying re-finding and difficulties.
hhhhhhhhhhhhhhhQuery Overlap
URL Overlap
Last
URL +
URL
(0.45%)
Last
URL +
URL
Root
(0.03%)
Last
URL
(62.73%)
URL
(4.59%)
URL
Root
(32.20%)
Query (61.50%) 20865
(<1%)
1069
(<1%)
2925330
(55.98%)
181263
(3.47%)
85347
(1.63%)
Query Term (11.57%) 2008
(<1%)
459
(<1%)
190596
(3.65%)
43174
(<1%)
368526
(7.05%)
Term Correction (3.81%) 260
(<1%)
30
(<1%)
89102
(1.70%)
6828
(<1%)
102718
(1.97%)
Term Stem (0.03%) 0 (0%) 0 (0%) 255
(<1%)
31
(<1%)
1029
(<1%)
No Query Overlap (23.10%) 211
(<1%)
42
(<1%)
73097
(1.40%)
8687
(<1%)
1125118
(21.53%)
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Our proposed goal classification consists of five query and five click classes. Our
classes measure query and click equivalence at different levels.
For queries, the classes include sharing a:
• Query: There is a query that is exactly repeated in both original and re-finding
goals.
e.g. Query(original): Levin furniture, Query(re-finding): Levin furniture
• Term: There is a query term that is repeated in both goals.
e.g. Query(original): most visited sites , Query(re-finding): most popular sites
• Term correction: A query term in one of the original or re-finding goal exists,
which can be repeated in the other goal by simple edits (spelling correction).
e.g. Query(original): college football, Query(re-finding): fottball school
• Term stem: Two terms in original and re-finding goals have a common stem.
e.g. Query(original): political parties, Query(re-finding): politics sides
• No query overlap: None of the above overlap exists.
e.g. Query (original): papers on cross-session search, Query(re-finding): papers
on re-finding information
For clicks, equivalence classes include overlapping URLs, as well as at what point in
the goal the overlapping clicks occurred. For example, common clicks that occurred at
the end of a goal are distinguished that we referred to as Last URL. We also considered
whether two URLs matched fully or only partially (based on the server name or URL
root).
• Last URL+ URL: The paired goals are common in their last click in addition
to at least a common click occurred somewhere else in goals and not necessarily
in the last position of the goals. e.g. The second example in Figure 4.9.
• Last URL+ URL root: Similar to the previous class with this difference that
the common click which is not the last click is partially overlapped. e.g. The
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second example in Figure 4.9 with this difference that the intermediate URL
is partially overlapped (e.g. www.cbssports.com/colleges instead of www.
cbssports.com/collegefootball).
• Last URL: The clicks of paired goals are only common in the last click. e.g. The
first example in Figure 4.3.
• URL: There is at least a common click somewhere in goals, which is not in the
last click of both goals. e.g. The second example in Figure 4.3.
• URL root: This class is similar to the URL class with this difference that the
click is partially overlapped. e.g. The first example in Figure 4.9.
Some of the explained classes are motivated by a study on identifying similarity
of tasks across users by White et al. (2013), including full query, query term, clicked
URL, and the domain of clicked URL. However, we customized this approach for
similarity between the tasks of the same user. As an initial descriptive analysis,
we did not consider the semantic tools for identifying such similarities such as topical
labels from ODP (Open Directory Project) category distributions. Table 4.3 shows our
classification, and indicates the percentage of paired goals in each category. Examples
of this classification are illustrated in Figure 4.9. Note that there is no class for “no
URL overlapping”, as from the definition of re-finding in past studies, some minimum
level of click commonality is required (Teevan et al., 2007; Tyler and Teevan, 2010),
which results on a total of 4,968,243 paired goals for our dataset. The 25 classes are
exclusive; if a paired goal could belong to more than one class the most restrictive class
was selected. As an example, if the paired goals include both queries with common
terms and common term stems, the query term class, which is more restrictive to
the term stem was considered. Note that the proposed classes are means to identify
potential re-finding cases through the overlapping between parts of a paired goal;
however, this does not mean that each overlapping is certainly a re-finding case. For
example, users might repeat the same query but with a different search need, or clicks
might have overlapping in their root URL, while referring to two different documents.
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Original Goal
Q: Doctor Martin + wiki T:3
C(1): en.wikipedia.org/wiki/Doc_Martin
Re-finding Goal
Q: Wikipedia Doctor Martin T:1 Query term overlap
C(1): en.wikipedia.org/wiki/Dr._Martin Root overlap
Classification: Query term overlap, URL Root overlap
Original Goal
Q: bleacher report college football T: 2
C(3): www.cbssports.com/collegefootball T: 15
C(10): bleacherreport.com/college-football
Re-finding Goal
Q: college fottball T: 2 Query term overlap
Q: college fottball T: 9 Query term correction
C(1): espn.go.com/college-football/ T: 16
C(39): www.cbssports.com/collegefootball T: 20 URL overlap
C(43): bleacherreport.com/college-football Last URL overlap
Classification: Query term overlap, Last URL + URL overlap
Figure 4.9: Examples of classifications using different levels of query/click common-
ality. Each line presents a query (Q) or a click (C). C(n) indicates the rank of the
clicked URL. T: n represents the dwell time in seconds.
On the other hand, we note that there are other potential types of re-finding, such
as cases where the URL has changed by the time that re-finding is attempted, but the
corresponding web document is the same; or where the user failed to reach the same
target document, thus having the same task but not resulting on overlapping URLs.
The identification of such cases is challenging from a query log study, and requires
direct feedback from users, or snapshots of accessed URLs at different points in time.
Such exploration is left for future work. However, we focused on those URL overlapped
paired goals that are non-navigational and more likely include difficult cases. More
details are explained in the next section.
4.6 Rules for Excluding Navigational Tasks
Teevan et al. (2007) noted that much re-finding, such as navigational searches, are
easy to detect. A navigational task is defined as the target document is known to the
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Table 4.4: Filtering rules for identifying challenging re-finding goals.
Filtering Rule Description Example
Top domain sig-
nals in query
Excluding paired goals including
top domain names in their queries
in the re-finding goal (Top
domains were identified through
top 50 ranked websites from
Alexa.com.)
“Youtube”, “Facebook”, ...
Navigational
signals in query
Excluding paired goals with
queries containing signals of URL
addresses in the re-finding goal
“www”, “.com”, “.aero”, ...
Navigational
signals in clicks
Excluding paired goals with clicks
containing “login” or “signup” in
the re-finding goal
https://login.yahoo.com/
Navigational
signals in query
and domain
names
Excluding paired goals where in
the re-finding goal there is a
query equal to the domain name,
or the domain name is the merge
of words in query, or the domain
name is the corrected spell of the
query
query: “banana” with the click of
“banana.com”, query: “bank
net”, click: “netbank.com”,
query: “youtibe” with the click of
“youtube.com”
Navigational
signals in query
and two top
levels of URLs
Excluding paired goals where two
terms in queries could match with
the two top levels of domains
query: “Google docs” and click:
“docs.google.com”
Short length
goals
Excluding paired goals with
one/two queries AND one/two
clicks in the re-finding goal
Q: madagascar clips T: 2
C(1): www.youtube.com/v=vFECro
user (Broder, 2002). A re-finding task can be seen as a navigational task, with this
consideration that the user might not know how to reach to that target document,
and only remember the sense of the document. The navigational searches were iden-
tified based on equal query and single identical clicks by Teevan et al. (2007). From
Section 4.3.1, it can be seen that there is a large fraction of re-finding goals with a
short length, which seems to be easy navigational tasks. As the focus of this thesis is
detecting more challenging forms of re-finding (i.e. difficult re-finding), we developed
a set of filters to remove easy cases. We randomly sampled all paired goals in our
query log dataset, in three iterations of 100 examples, and then associated filtering
rules to the observed easy navigational cases. The filters are illustrated in Table 4.6.
The accuracy of these filtering rules was checked by manual investigation using
statistical binomial ratios. As an example, for the first class in Table 4.3, over 65% of
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Re-finding
(G: 100, Q: 100)
Isolated
(G: 2.56, Q: 2.71)
Non-Navigational
(G: 0.34, Q: 0.56)
Navigational
(G:2.22, Q: 2.15)
Paired
(G: 97.44, Q: 97.29)
No URL Overlapped
(G: 85.24, Q: 85.59)
Non-Navigational
(G: 6.12, Q: 9.66)
Navigational
(G: 79.12, Q: 75.93)
URL Overlapped
(G: 12.20, Q: 11.70)
Non-Navigational
(G:0.79, Q: 0.94)
Navigational
(G: 11.41, Q: 10.76)
Figure 4.10: The landscape of re-finding tasks. G: The percentage of goals, Q: The
percentage of queries.
paired goals were removed as easy cases. In a sample of 120 instances from removals
of this class, all of the cases were manually detected as easy. Our analysis of the
sample of removed pairs showed that at worst only 1.6% of the pairs were incorrectly
removed.
After removing the easy paired goals, 322,639 pairs remained. The large reduction
in size of data does not necessarily reflect that the re-finding problem we study is
small; rather, applying our filtering rules is a way of giving us a dataset where we are
confident we will find a concentration of challenging re-finding problems. Getting back
to the re-finding landscape identified in Figure 3.3, the percentage of navigational and
non-navigational goals as likely easy and difficult tasks are shown in Figure 4.10. The
summed percentages of non-navigational goals is 7.25% (i.e. 0.79% + 6.12%+ 0.34%).
Detecting and eventually helping users with their re-finding goals from this notable
fraction of the query log has the potential to provide help on the most difficult re-
finding tasks. Once a re-finding classification is constructed from this data set, other
examples of re-finding can be explored in the full query logs. The requirements of
constructing classifications are discussed in next chapters.
4.7 Summary
In this chapter, we explained the motivation of studying re-finding behaviour using
query logs. Initial descriptive analyses could provide an overall picture on the land-
scape of re-finding tasks. Our main contributions in this chapter are adapting previous
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query-level re-finding identification to the level of search tasks, and proposing more de-
tailed task-level identification for re-finding. Moreover, we developed a set of filtering
rules to generate a dataset including more likely challenging tasks. The classification
and filtering rules are commonly used in the next chapters on studying re-finding
behaviour and difficulties.

Chapter 5
Ground Truth Data for
Differentiation
In identifying re-finding tasks and difficulties through query logs, we need manual
ground truth data. In this chapter, we explore the indications of re-finding and difficul-
ties from an external assessor’s point of view, rather than asking searchers themselves.
The need for such study and assessment results are discussed.1
5.1 Assessors Agreement versus Users Perception
Query log analysis is one of the traditional techniques in studying the search behaviour
and difficulties of users in large scales (e.g. see Liu et al. (2012b)). However, as query
log data is noisy and the underlying intent of the user might not be clear, human
assessments are required in analysing query logs. These manual assessments can be
further used for training machine-based techniques in identifying re-finding and task
difficulties.
To generate the manual data, past studies mainly relied on users’ self-assessed
reports. However, it is not always practical or feasible to collect such self-reported
data. Studying users is particularly challenging in the re-finding context, as the user
should have a need or a real motivation to find previously seen information (Capra,
1The approval letter of our ethics application for user experiments of this chapter is presented in
Appendix E.
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2006). Therefore, it is worth to examining if human assessors can identify re-finding
and task difficulties from other searchers logs.
Identifying re-finding tasks using external assessors has been done in past work on
email log analysis (Elsweiler et al., 2011a). However, to the best of our knowledge,
there is no work on detecting difficulties in re-finding using query logs.
There is some evidence from past research, which indicates the feasibility of de-
tecting task difficulty reliably by an assessor from other searchers logs: a) The search
behaviour of users could change by difficulty of the tasks (Aula et al., 2010), therefore
indications of task difficulty can be inferred by the assessor from the behaviour of the
user; b) The main reasons for task difficulties are more reflected in the search process
rather than a user’s self-assessed factors such as their familiarity with a topic (Gwiz-
dka and Spence, 2006), which is another reason that the user behaviour is a stronger
indication for detecting difficulty in comparison to user’s self-reported perceptions; c)
Although task difficulty is a subjective concept and dependent on the users, Liu and
Kim (2013) reported that there are common factors in the perception of task difficulty
among users, which can be inferred by the assessor; d) The perception of users for task
difficulty could change before and after search tasks, as Liu et al. compared against
search behaviour, which could indicate that what can be inferred from user behaviour
by the assessor might be more common and robust indication for task difficulty than
what the users might subjectively perceive.
As a way of exploring how consistently assessors are able to detect a user’s difficulty
while searching, the agreements between assignments can be examined. So far, the
only study of agreement in the re-finding from logs has been on the identification
of re-finding in email (Elsweiler et al., 2011b). However, human assessments have
been studied in many other information retrieval (IR) contexts, such as relevance
assessments (Voorhees, 2000; Webber et al., 2012a,b). Two research questions are
addressed in this chapter:
1) Can human assessors consistently agree on identifying re-finding tasks, and
levels of user difficulty in carrying out such tasks?
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2) Do contextual type of factors affect the level of agreement between assessors in
identifying re-finding and difficulties?
The main contributions of this chapter are: (1) to establish the ability of human as-
sessors to agree when labelling re-finding difficulty; (2) examining agreements in terms
of assessors and guidelines and investigating search behavioural factors. The results
contribute knowledge on how to generate ground truth data both in the re-finding
and other labelling contexts, and have further implications for building automatic
prediction models.
5.2 Experimental Methodology
In this section, we describe the data sets and their pre-processing for exploring assessor
agreements.
5.2.1 Dataset
For this exploration, we use the same dataset from Chapter 4. This log consists of 30
days of interactions with the Yahoo! search engine, from the 1st−30th of October 2012,
including data from 2,847,028 unique anonymized users consisting of the submitted
queries, the URL, the rank position of clicked search results, and a timestamp for each
event. We followed the terms of service and privacy policies of Yahoo!.
As discussed in Section 4.1, in this thesis we focused on goal segmentations, which
are representative of an atomic search need (Jones and Klinkner, 2008). Previous
work has shown that goals are more accurate than session timeouts for identifying
task boundaries. We used the same approach for identifying goals in this study.
5.2.2 Selection of Re-finding Tasks
As the focus of our work is mainly on detecting difficulties in re-finding, we considered
exact-last-click pairs introduced in Section 4.2.1, which increases the likelihood of
including re-finding tasks. Moreover, we applied a set of filters to remove excessively
easy re-finding, such as searching for popular home pages (e.g. Facebook). The list of
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filters was discussed in the previous chapter (Section 4.6). This left 9,445 exact-last-
click paired goals, which were sampled to give a manageable number to assess.
In IR evaluation, generally system performance and searcher behaviour are studied
as two key factors (e.g. a study by Kelly (2009)). These characteristics were therefore
considered when sampling from the pool of exact last click paired goals, which could
affect an assessor’s perception of difficulty. For the system factor, the rank of each
exact last click was noted, along with the sign of the difference in the ranks of the
last clicks in the re-finding and original goals. To represent searcher behaviour, the
relative number of queries and clicks between the paired goals was considered and
categorized into four classes, as shown in the heading row of Table 5.1. Each behaviour
class is represented as a tuple with two elements; where the first element indicates
whether the re-finding goal has a greater number of queries than the corresponding
original goal, and the second element is for comparing the number of clicks between
paired goals. For example, the class <T,T> indicates that both queries and clicks
are greater in number in comparison to the corresponding original goal; whereas, the
class <F,F> shows that the re-finding goal consists of a smaller number of queries
and clicks than the corresponding original goal. We randomly sampled ten paired
goals from each cell of the table; these were then labelled by assessors. Note that
here the samples were equally selected from each cell, as we aimed to control the
effect of sample size in comparing the agreements for identifying re-finding and search
difficulties among different settings. Moreover, we considered ten samples to satisfy
the minimum conventional sample size, i.e. 25 from past research by Webber et al.
(2008), for each level of system performance and search behavior.
5.2.3 Labelling Design
When labelling, assessors were presented with extracts from search engine query logs
that included: queries, clicked URLs (including their rank), the time between queries
and clicks, and the dates on which the two paired search goals were conducted. An
example is shown in Figure 5.1. Assessors were asked two questions: 1) “Do you
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Table 5.1: Frequency of exact-last-click pairs in each of the 12 types of paired goals.
RR and RO are the rank of last clicks in the potential re-finding and original goals
respectively; Potential re-finding goal <has more queries, has more clicks>, T=True,
F=False.
XXXXXXXXXXXRank level
Effort level
1:
< T, T >
2:
< T,F >
3:
< F, T >
4:
< F,F >
% paired
goals
1: RR > RO 4.13% 0.86% 8.53% 3.56% 17.07%
2: RR = RO 21.05% 6.40% 29.40% 13.07% 69.92%
3: RR < RO 3.78% 0.99% 3.86% 4.38% 13.01%
% paired goals 28.96% 8.25% 41.79% 21.01% 100%
Original Goal
Q: bleacher report college football T: 2
C(3): www.cbssports.com/collegefootball T: 15
C(10): bleacherreport.com/college-football exact last click
Re-finding Goal
Q: college fottball T: 2
Q: college football T: 9
C(1): espn.go.com/college-football/ T: 16
C(39): www.cbssports.com/collegefootball T: 20
C(43): bleacherreport.com/college-football exact last click
Figure 5.1: An example of paired goals with exact last clicks. Each line presents a
query (Q) or a click (C). C(n) indicates the rank of the clicked URL. T: n represents
the dwell time in seconds.
think that in the second search the user is re-finding document(s) that were found in
the first search?” (Possible responses were “yes”, “no”, “not sure”.) 2) “In terms
of search difficulty, would you say the second search is?” (Possible responses were
“easy”, “difficult”, “not sure”.) “Re-finding” was defined as repeat searching for a
document that was previously found. The notion of the “difficulty” was defined for
assessors in a broad sense of whether it seems that the user is struggling to find the
target document. Specifically assessors were instructed to consider the effort of the
user in a) providing input information for searching; b) finding the relevant documents,
and c) recognizing the target document. The details of the guidelines are discussed in
Section 5.2.5.
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5.2.4 Assessors
Twelve assessors were recruited from RMIT university to participate in labelling query
logs. They were post-graduate students from different disciplines in the school of
Computer Science. Six students were from the Information Retrieval discipline, and
others were from Artificial Intelligence and Distributed Systems. Participants were
invited to a meeting at a pre-arranged time and location. In this initial training
session, participants were presented with a set of guidelines, and taken through some
examples of query log instances. Instruction were given regarding how the guidelines
should be used for the labelling task. This training session was presented similarly
to all participants, using a prepared script. However, participants were able to ask
questions at the end of the training session. This pre-session would take up to half an
hour.
After the training session, in the main experiment, pairs of searches from the query
logs were shown to each participant. A participant was asked to label query logs by
answering the two questions that were discussed in 5.2.3. Note that in this study,
the notion of experience is defined in terms of the familiarity of the assessors with
the labelling task, that is whether they previously conducted the same labelling job
(experienced), or not (inexperienced). There were six assessors, who had conducted an
initial labelling exercise on a separate dataset, and we refer to this group as experienced
assessors.
5.2.5 Guidelines
Two levels of guidelines were considered in our experiments, which are discussed in
this section.
Initial
In the initial level of guidelines, the only hints given to assessors were a set of examples
for both problems of re-finding identification and difficulty detection.
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Original Goal
Q: wrestling news T: 10
C(5): www.ewrestlingnews.com
Re-finding Goal
Q: wrestling news T: 2
C(1): www.ewrestlingnews.com
Figure 5.2: An example of an easy re-finding case shown to assessors as a part of
initial guideline. The notions are defined in Figure 5.1.
Original Goal
Q: parker ford T: 4
Q: parker ford lincoln mercury murray kentucky T: 3
C(1): www.parkerford.com/ T: 11
C(6): parkerford.dealerconnection.com/?referrer=Lincoln
Re-finding Goal
Q: parker ford T: 4
C(1): www.parkerford.com/ T: 4
C(6): www.parkerford.com/new-vehicles/index-new-cars.php T: 17
Q: parker ford lincoln mercury T: 2
C(1): www.parkerford.com/ T: 5
C(8): www.dealerrater.com/Parker-Ford-Lincoln-Mercury-review-10490/ T:10
Q: parker ford lincoln mercury murray kentucky T: 1320
Q: parker ford lincoln mercury murray ky T: 400
C(3): www.autotrader.com/KY/Murray/4207/Parker_Ford_Lincoln_Inc.jsp T: 6
C(1): www.parkerford.com T: 1000
C(44): parkerford.dealerconnection.com/?referrer=Lincoln
Figure 5.3: An example of a difficult re-finding case shown to assessors as a part of
initial guideline. The notions are defined in Figure 5.1.
Examples of easy and difficult re-finding tasks shown to assessors as a part of
initial guideline are illustrated in Figures 5.2 and 5.3 respectively. These examples,
which were pre-annotated by the main investigator, were randomly sampled from the
exact-last-click pairs discussed in Section 5.2.2. Overall 10 examples were shown for
both re-finding identification and difficulty detection, which were the same for training
all assessors.
For this level of guideline, there was no other hint except the provided examples;
however, for the detailed level of guidelines, assessors were instructed by additional
hints, which are discussed in the next section.
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Detailed
In the detailed level of guidelines, in addition to the examples provided in the initial
guidelines, more detailed instructions were provided to the assessors. Based on Webber
et al.’s joint-assessed approach (Webber et al., 2012b), two assessors labelled a sample
data set together, discussing and proposing more detailed instructions and examples.
The detailed instructions regarding the identification of re-finding are illustrated
in Table 5.2, where some hints are provided in terms of the content of queries and
click URLs. However, in the initial guidelines only examples of re-finding and not
re-finding tasks were shown to the assessors.
Regarding the difficulty problem, detailed instructions were organized under dif-
ferent categories including temporal indications (time gap between paired goals), user
performance (in terms of query and click indications), and system performance (rank
information). These instruction categories were compiled into a final set of detailed
guidelines. As an example of temporal instructions, it was agreed that the time spent
after submitting queries is more likely to be related to the search activity, in compari-
son to the dwell time after clicks. This is because the time after clicks could include the
time spent on reading and entertaining. For instance, if the queries or clicks contain
some terms related to news or movies entertainments, the time after the clicks would
not necessarily only allocated to searching time; and therefore, it could be less likely
to be considered in determining the difficulty level of re-finding tasks. There could be
other indications to distinguish between time spent on searching entertaining, which
are listed in table 5.3 in line with other detailed guidelines.
There were other considerations particularly in reference to comparing paired
goals. As an example was the similarity between paired goals. If the submitted
queries and clicked URLs (in terms of content and order) are similar to the queries
and clicks in the original goal, it could show that the user is trying to repeat the same
goal from the same path to reach to the target document. This ability of the user to
repeat the goal could decrease the chance of difficulty in re-finding.
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Table 5.2: Detailed guidelines as seen by assessors for identifying re-finding.
Hint Title Description
Exact repetitions
in queries/clicks • By comparing queries in the original search task with queries
in the potential re-finding task, if the exact queries have been
repeated, it could be a signal of re-finding.
• The same comparison for the repetitions in clicks is applicable.
If the intermediate clicks in the paired search tasks have been
repeated, it could be an indication of re-finding.
Common or
semantically
related query
terms
• By comparing queries in the original search task with queries in
the potential re-finding task, if they are not exactly the same,
but semantically related, it could be a signal of re-finding.
Common terms
between queries
and clicks
• Commonalities between the terms of queries of the potential re-
finding and the terms in the clicks of the original search could
be a signal of re-finding. (or vice versa: commonalities in the
terms of the original queries with the terms in the clicks of the
re-finding)
Same document,
not necessarily
same informa-
tional content
• There could be cases where the information in the document
corresponding to the last click is updated. The dynamic change
of the content of last click could not be a strong reason to reject
re-finding. These cases can be considered as re-finding tasks as
their underlying information need are the same/ broadly the
same (example: new released dvd)
Extended or pre-
ceded tasks • Extended: In some cases the potential re-finding task was ex-
tended after reaching to the same exact click in the original
search task. This could be considered as a re-finding, if from
the other interactions of the user, it seems that the underly-
ing information need is the same or at least related. For these
cases, the next question of the difficulty should be considered
to the level that the user could re-retrieve the last click (no
matter how the task has been extended).
• Preceded: There could be examples that the potential re-
finding task seems to be started with different need and then
switched back to the same need in the original search. This
could be considered as a re-finding task as well.
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Table 5.3: Detailed guidelines as seen by assessors for detecting re-finding difficulties.
Hint Title Description
Temporal indications
time after
queries
• short
– more likely to be related to search activity
• long
– more likely to be related to search activity, if the query is
followed by another reformulated query with no clicks in
between.
– less likely to be related to search activity, if the click after
the query is at the very top rank.
time after clicks • short
– more likely to be related to search activity
• long
– more likely to be related to search activity, if the rank of
next click is from next result pages.
time gap be-
tween goals
If the time gap between paired goals is short (e.g. within one day),
high number of interactions in terms of number of queries and clicks
could have more impact on difficulty level, in comparison to the sit-
uation that the time gap is long.
search task com-
pletion time
If the spent time for search can be assessed by dwell times after
queries and clicks, and the spent time for re-finding is longer in com-
parison to the original goal, then this could increase the level of
difficulty in re-finding.
Query indications
number of refor-
mulations
Increase in the number of query reformulations could increase the
level of difficulty (repetitions of the same query were not considered
as a reformulation).
type of reformu-
lations
How different are queries in reformulations? If queries are changed
with related words, it might be more difficult than cases where queries
are reformulated by simple corrections.
following event Queries with a no clicks (particularly with high dwell time and the
next query has been reformulated) could increase the level of search
difficulty.
Click indications
number of clicks Increase in the number of clicks could increase the level of difficulty
in re-finding (but be careful that the clicks are not repeated sequen-
tially; otherwise it would be less likely to be counted as different
clicks).
rank of clicks Increase in the ranks of clicks (particularly at the level of pages)
could increase the level of difficulty, as it could show more effort for
assessing documents in next pages.
position of clicks There could be examples where the recognized click as the target
document appears earlier in the goal, which could decrease the level
of task difficulty.
repetitions of
clicks • Repetition of identical clicks multiple times (without any other
queries or clicks in between) is less likely to be effective in
determining the level of difficulty in re-finding.
• Repetitions of the same click by visiting other pages, and get-
ting back to the same URL, could increase the level of difficulty
in re-finding (as it could be indicative of comparisons between
documents or showing that the user has been lost).
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5.2.6 Experimental Settings
Considering two groups of assessors from Section 5.2.4 and two levels of guidelines in
Section 5.2.5, four experimental settings were investigated:
1. inexperienced 2 assessors using initial guidelines;
2. experienced assessors using initial guidelines;
3. inexperienced assessors using detailed guidelines;
4. experienced assessors using detailed guidelines.
In each setting, a data set of 120 paired goals were randomly ordered and labelled
by each assessor, with three assessors per experimental setting. Note that all settings
used the same data, and experienced assessors were initially trained on a separate
sample of 120 pairs. For practical reasons, the assessment process was divided into
three blocks of 40 paired goals; each block took about half an hour to complete,
and assessors were able to take short breaks between blocks. The results of these
experiments are discussed in the next section.
5.3 Results and Evaluation
In this section we investigate the overall agreement between assessors, and examine
effects from varying the guidelines, and assessor experience. We also investigate the
effect of perceived search performance and user effort on assessor agreement.
5.3.1 Overall Agreement
Table 5.4 shows the agreement for each setting. The percentage of agreement is
defined as the fraction of rates where both assessors agree. 3 Using initial guidelines
and inexperienced assessors, the mean pair-wise agreement for identifying re-finding
2Recall that the experience was defined (in Section 5.2.4) in terms of the familiarity of the assessors
with the labelling task, that is whether they previously conducted the same labelling job (experienced),
or not (inexperienced).
3http://www.john-uebersax.com/stat/raw.htm
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Table 5.4: Mean pair-wise assessor agreement for re-finding identification and difficulty
assessment problems. Matching symbols indicate a significant difference (p < 0.05)
between a pair of settings.
Settings: Re-finding Re-finding
guidelines, assessors identification difficulty
initial, inexperienced 82.9% ♣♥♠ 51.2%♥♠
initial, experienced 94.3% ♣† 61.0%♦†
detailed, inexperienced 99.0% ♥ 59.3%♥♦
detailed, experienced 100% ♠† 78.9%♠†
was 82.9%, for assessing difficulty agreement was 51.2%. This setting is considered
as a baseline. The results from other settings showed greater overall agreement, both
from using more detailed guidelines and from more assessor experience. However, it
appears that for the re-finding identification using detailed guidelines, the experience
of the assessors is not an important influence on agreement rates.
We also calculate Cohen’s kappa (κ) for inter-assessor agreement, which is a statis-
tical measure for the agreement between two assessors considering how the judgement
from assessors could be affected by chance (Carletta, 1996). The average of pairwise
κ scores across all settings was 0.5 for identifying re-finding and 0.2 for the detection
of difficulty. Although the level of agreement for difficulty is low in comparison to
re-finding, it is still consistent considering the levels of assessor agreement in other IR
contexts such as relevance judgments (For example, Cohen’s Kappa agreement scores
in the range of 0.23-0.71 were achieved for relevance judgments for the TREC Legal
Track (Webber et al., 2012b)).
The significance of agreement rates between the settings were also analyzed using
McNemar’s chi-squared test. We employed McNemar’s test instead of an ANOVA
test as response values were in a binary scale. Comparing use of detailed guidelines
versus initial ones shows significant differences (p < 0.05) for both identification and
difficulty assessment. However, in comparing experienced vs. inexperienced settings,
agreement rates were significantly different only for the identification of re-finding.
Most agreement rates were found to be significantly different from each other.
While, it appears that judgments are not always affected by the experience of assessors,
providing more detailed guidelines led to significantly higher agreement rates. This is
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in contrast with labelling efforts in the TREC Legal Track relevance judging, where
use of more detailed guidelines could not significantly increase the level of agreement
in comparison to general guidelines Webber et al. (2012b). The amount of effort that
should be invested by researchers into the development of guidelines at the appropriate
level of detail therefore appears to be dependent on the labelling problem that is being
considered.
As the identification of re-finding was designed as an obvious easy labelling job,
it is considered as an upper bound agreement to which difficulty assignments can be
compared. As can be seen, by improving guidelines and experience of assessors we
could reach closer to the upper bound agreements. Note that in reporting agreements
we removed cases where assessors were not able to make a judgement (i.e. “not sure”
labels). On average only 3.3% and 1.1% of the rates were labelled as “not sure” for
identifying re-finding and detecting difficulty respectively. We plan to investigate the
characteristics of these ambiguous cases in future work.
5.3.2 Rank, Effort, and Agreement
A second aim of our experiments was to investigate whether different levels of sys-
tem performance and searcher behaviour had an effect on assessor agreement rates.
We therefore examined the effect of the rank and effort level features on assessor
agreement.
Starting with Table 5.5(a), for re-finding agreement identification, results suggest
that if the target document (last click) in the second search appears at a similar rank
compared with the click in the original search, this may provide a clue to assessors
when assessing re-finding, leading to higher agreement. Otherwise, if the target docu-
ment is at a lower or higher rank, then the assessor interpretation is more ambiguous,
leading to lower agreement. For the re-finding difficulty agreement, it appears that
when the rank of the target document does not change or it is higher in the re-finding
task, assessors agreed more.
Examining Table 5.5(b), when considering the number of query and click actions
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Table 5.5: Mean pair-wise percentage agreement of re-finding identification and diffi-
culty detection for a) system performance (rank); and b) searcher behaviour (effort)
factors. The factor levels are from Table 5.1. Matching symbols indicate a significant
difference (p < 0.05) between a pair.
(a) rank
Rank level Re-finding identification Re-finding difficulty
RR > RO 93.0%♣ 58.3%♥
RR = RO 95.3%♣ 63.1%♦
RR < RO 93.3% 65.6%♥♦
(b) effort
Effort level Re-finding identification Re-finding difficulty
< T, T > 90.4% 57.4%
< T,F > 95.4% ♦ 66.7%
< F, T > 92.7% ♦† 62.5%
< F,F > 98.0% † 63.3%
that were carried out in a potential re-finding goal, agreement on re-finding was highest
for < F,F > and lowest for < T, T > and < F, T > . The latter settings represent
re-finding cases with a greater number of clicks compared to the original goal. This
could indicate that having a greater number of clicks makes it hard for assessors to
identify re-finding. Consider a case where there were more clicks with high dwell time
(potential relevant clicks) in the potential re-finding goal. This would make it hard
for assessors to agree if users are searching for specific documents.
The effort level feature appears to affect agreement only on re-finding; there is
no significant difference between agreement rates for difficulty assessment. It appears
that it is hard to agree on difficulty when users are submitting different numbers of
queries and clicks, relative to their original access. A longer search (particularly in
terms of click actions) makes agreement more difficult. Other factors such as dwell
time could also impact on agreement rates.
In comparing agreement on re-finding with agreement on difficulty, difficulty is
harder for each factor level. We discuss possible reasons in the following section.
Developing more examples in the guidelines should be considered for judges.
5.4. DISCUSSION 107
5.4 Discussion
The analysis in Section 5.3 showed there is a fair level of agreement when assessing
difficulty, which is influenced by the level of detail of guidelines along with other
contextual search conditions (e.g. rank and effort levels).
Investigation of other features, such as temporal characteristics, suggested they
may also play a role. These need to be further investigated, particularly for detecting
task difficulties, as the importance of search behavioural features has been highlighted
in previous work Liu and Kim (2013). This is not only a matter of re-finding and
difficulty agreements, but also this would be a requirement for other human labelling
jobs to identify effective factors along with the selections of guidelines and assessors.
In the context of relevance assessment, assessor disagreement was mainly studied
in terms of assessors, guidelines, documents, ranks and topical variance Webber et
al. (2012a). It would be worthwhile to explore the effect of additional behavioural
search factors (such as the time to the first click, or dwell time of clicks) on the
level of agreement between assessors for re-finding, as these factors have been found
to be important elsewhere Hassan et al. (2011). These underlying factors should be
considered in developing guidelines and sampling data, which could lead to higher
agreement rates. This could result in more balanced ground-truth data in terms of
incorporating multiple factors reflective of the whole dataset. The ground truth data
can be used for building predictive models using machine learning techniques, which
could be used by search engines for adapting search results by predicting the type of
user task.
As the main aim of this study was to measure the level of agreement for detecting
re-finding difficulties, the experimental data were sampled from likely re-finding tasks.
However, for studying agreement on identifying re-finding, a more general data set can
be explored, where paired goals are not necessarily ended with exact last clicks. To
generalize agreement results, a random sample of 50 paired goals were labelled by
two experienced assessors. This sample was taken from the whole re-finding classes,
which were proposed in Chapter 4. Agreement rates of 92% and 84% were achieved
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for identifying re-finding tasks and detecting difficulties respectively. In comparing
with previous results in Section 5.3, it can be seen that adding paired goals without
requiring the exact last click condition would decrease the level of agreement between
assessors particularly for the identification of re-finding.
As another avenue for illustrating assessor’s ability in detecting difficulties, the
gathered labels from assessors can be examined against a ground truth data generated
by searchers. Moreover, gathering qualitative data from assessors after labelling could
provide further insight of influential factors, which we are going to explore in future
work.
5.5 Summary
This chapter investigated the following two research questions:
1. Can human assessors consistently agree on identifying re-finding searches from
query logs, and on the levels of user difficulty while re-finding?
2. Which factors affect the level of agreement between assessors?
An experiment was conducted where twelve assessors each labelled 120 instances
of potential re-finding tasks and difficulties from search logs. A maximum agreement
of 78.9% was obtained between assessors when labelling re-finding and rating task
difficulty on pairs with exact last click. Generalizing the experiment on a sample from
all potential pairs could achieve 92% and 84% agreement. Providing more detailed
guidelines was found to significantly improve assessor agreement rates on re-finding
and difficulty rates. This is in contrast to previous work on labelling tasks in other con-
texts, such as the TREC Legal Track relevance assessments, where detailed guidelines
did not significantly affect recorded agreement rates.
Two search characteristics representative of system performance and searcher effort
were also examined. The analysis indicated significant differences between some levels
of examined factors, which can provide a better understanding of human perception
of re-finding and task difficulty. These factors can be further explored not only in
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the context of re-finding, but also for other labelling applications, such as relevance
judgements. This knowledge could result in higher agreement rates between human
assessors, and consequently more balanced ground truth data to be generalized and
extrapolated over the whole domain of the labelling problem.

Chapter 6
Differentiation and Predictions
From previous chapter, we could learn that external assessors are able to judge about
the identification of re-finding tasks and detecting task difficulties. In this chapter,
using a supervised learning approach a) we detect when users are attempting to re-find
previously seen information, and b) we determine the level of difficulty they encounter.
We broaden the scope of re-finding by considering it at the task level, instead of
individual queries, allowing us to use novel task based features. We describe our
methodology for collecting reliable ground truth and evaluate our prediction models
empirically. We further investigate prediction for a previously unstudied re-finding
problem, where the item to be found was first seen by means other than a search
engine, for example through browsing. Our analysis shows that for such tasks, which
are independent of the search history of a user, re-finding identification is possible,
but more challenging. However, difficulty detection is still accurate in such a scenario.
6.1 Difficulty in Re-finding and Requirement of
Task-level Identification
While it has been established that many examples of re-finding are simple tasks, such
as searching for a common home page (e.g. Facebook), there are re-finding tasks that
are more idiosyncratic and difficult for users to complete (Teevan, 2008). An example
of difficult re-finding is when users misremember information content and only recall
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the sense of what they had previously encountered; research has shown that people
misremember query keywords 30% of the time even after one hour (Teevan et al., 2007).
Information retrieval (IR) systems should therefore support both general search and
re-finding tasks.
However, current search techniques are aimed primarily at supporting general
search, and are unlikely to be optimal in the re-finding context (Elsweiler et al.,
2011b; Teevan, 2006). Being able to distinguish re-finding from general search could
help IR systems adapt results to the type of task being undertaken. In particular, if
a system could estimate how difficult the re-finding task is proving to be, it would be
possible to selectively employ services to help the user locate the target information;
such as biasing results more heavily towards a searcher’s history or to a particular
domain type, or customizing summaries and thumbnails within the search result page
including texts and images that might be less forgettable.
Research on re-finding difficulty has focused on users coping with changes to web
sites and search results (Teevan, 2006), or considered a limited number of behavioural
indications, such as the number of search URLs (Capra, 2006). Re-finding difficulties
and search behaviour have been studied in greater detail for specific application areas,
such as email search (e.g. studies by Elsweiler et al. (2011a,b)). However, other
research has shown that different search tasks induce different types of difficulties (Liu
et al., 2010). In the broader context of general web search, identifying user difficulties
has been explored in terms of the range of behavioural features for different task types.
For example, Liu et al. (2010, 2012b) have shown that it is useful for IR systems to
predict when the user is struggling, where systems could consequently adapt search
results.
We were motivated to study difficulties in the re-finding context. To predict such
difficulties, we need to predict re-finding tasks; therefore, we study behavioural fea-
tures to differentiate re-finding from the general web search. Current re-finding pre-
diction is limited to the level of queries (Teevan et al., 2007). Given a query, systems
predict whether it is likely that the user would click on a previously searched docu-
6.1. DIFFICULTY IN RE-FINDING AND REQUIREMENT OF TASK-LEVEL
IDENTIFICATION 113
ment. However, given that a user who is having difficulty with re-finding will likely
engage in multiple searches, prediction of re-finding at the level of task (beyond a
single query) is crucial. Past research has also emphasized the importance of tasks
either in identifying re-finding behaviour (Capra, 2006), or generally detecting diffi-
culties (Liu et al., 2010). Although there has been research on studying re-finding
at the level of sessions (Capra, 2006; Tyler and Teevan, 2010), the past work has
not considered the construction of predictive models using behavioural features. The
following two research questions are explored in this chapter:
1. Re-finding identification: How can re-finding tasks be differentiated from general
web search tasks?
2. Re-finding difficulty: What features characterize user difficulties when carrying
out a re-finding task?
This chapter makes several contributions: (1) adapting previous query-level re-
finding identification to the level of search tasks, and proposing more detailed task-
level identification for re-finding; (2) investigating behavioural differences between
re-finding and general web search as well as easy vs. difficult re-finding tasks; (3)
constructing the first predictive model for difficulties in the re-finding context, and
the first task-level predictive model for the identification of re-finding; (4) proposing
predictive models that are independent of the past search history of the users and are
therefore applicable to a new category of re-finding task.
The practical applications of being able to identify re-finding and measure dif-
ficulty are two-fold: search systems will be able to respond adaptively to different
types of search tasks; and measuring task difficulty will enable researchers to design
balanced test collections and evaluation experiments, which has been identified as a
key challenge in the personal context (Elsweiler and Ruthven, 2007).
We first describe the experimental methodology. Next, we explain the features
used in the predictive model. We then detail the setup of the prediction models, along
with results from a range of experiments exploring different types of re-finding and
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feature sets. Finally, we conduct an error analysis and conclude with discussions and
future work.
6.2 Experimental Methodology
We studied re-finding identification and difficulty detection through the analysis of
query logs. In this section, we describe the data sets and processing that was carried
out.
6.2.1 Dataset and Difficulty Filtering
We used the same dataset and segmentation introduced in Section 4.2, where 39,683,301
potential re-finding paired goals were extracted.
In earlier work, Teevan et al. (2007) noted that many examples of re-finding, such
as repeated navigational searches, are easy to detect. As the focus of our work was
detecting more challenging forms of re-finding, we created a set of filters to remove easy
cases based on navigational rules proposed in Section 4.6. We illustrate here some of
the navigational search detection rules used. Paired goals where the queries contained
only popular domain names (e.g. “youtube”) or terms such as “www” and “.com”
were removed. If the domain name of the clicked URL matched the corresponding
submitted query, or was a spell-corrected version of the query, the paired goals were
also removed. The accuracy of these rules was checked by manual investigation using
statistical binomial ratios as discussed in Section 4.6.
After removing the easy paired goals, 322,639 pairs remained. As discussed in
Section 4.6, the large reduction in size of data does not necessarily reflect that the
re-finding problem we study is small; rather, applying our filtering rules gives us a
data set where we are confident we will find a concentration of challenging re-finding
problems(see Figure 4.10).
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6.2.2 Generating Ground-truth Dataset
Next we manually label re-finding activity and grade search difficulties. Although
there has been research on labelling logs for the presence of re-finding in email search
(Elsweiler et al., 2011b), to the best of our knowledge, this research is the first to
include labelling of re-finding difficulty in web search logs, as also introduced in the
previous chapter. We examined difficulties in terms of the search process, as this
viewpoint can be judged by assessors using signals from logs, rather than requiring
users to report self-assessed features.
All 25 classes from query overlap/URL overlap in Table 4.3 were uniformly sampled
in two rounds to be labelled using the experiment design discussed in Section 5.2.3.
First, 25 pairs were labelled from each class; then, 50 pairs were labelled. Among the
query overlap/URL overlap classes, eight were low in frequency (fewer than 25), and
so were not considered in our sampling. In total, 1,275 paired goals were labelled by
an experienced assessor, who had conducted the same labelling exercise on a separate
dataset. The fraction of “not sure” labels was 8%, which reduced the size of our data
to 1,167.
To examine the reliability of our generated ground-truth data, a posterior exper-
iment was carried out. We randomly sampled 60 instances from our ground-truth
data and asked three other experienced assessors to assign labels once more. We
calculated Cohen’s kappa (κ) for inter-assessor agreement; the maximum scores of
κ = 0.89 and κ = 0.47 were obtained for identifying re-finding and difficulty as-
signments respectively. Although the level of agreement for difficulty is lower than
re-finding identification, it is still fair considering the levels of assessor agreement in
related information retrieval contexts (For example, Cohen’s Kappa agreement scores
in the range of 0.23-0.71 were achieved for relevance judgments for the TREC Legal
Track (Webber et al., 2012b)). This gave us confidence that the ground-truth data is
consistent.
As a further point in validating our ground-truth data, we noticed a low frequency
of tasks labelled “difficult” (176 instances, which is 23.4% of the identified re-finding
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tasks), which could be due to the limitation in the identification of re-finding based
on query/click overlapping as discussed in Section 4.5; whereas in more difficult cases
a fewer number of overlapping could occur, as the user might not be able to repeat
queries and clicks from the original search. As this data set is imbalanced, and could
decrease the chance of detecting additional difficult tasks, we employed a form of
active learning to increase the frequency of difficult instances in our training set. A
classification model was learnt on our original labelled data. This model was re-
evaluated on independent unlabelled data from the rest of our dataset. The predicted
labels were ranked based on the estimated probabilities assigned by the classifier for
them being in the “difficult” class. The top 50 along with 10 random instances, from
the rest of the predictions, were manually labelled. The labels then were added to
our original training set. A similar approach was used for resolving class-imbalanced
datasets in other contexts (Zhang and Wang, 2013). The procedure was repeated for
ten iterations; at this point, a balanced number of “difficult” labels (613 instances,
which is 48.3% of the identified re-finding tasks) were obtained, and the procedure was
stopped. After removing the “not sure” labels, the size of our final training set was
1,706 (with 74.4% re-finding cases). This data was used for building our classification
models.
6.3 Features
This section explains the set of features that were developed to be used in constructing
predictive models for the identification and difficulty classification of re-finding.
6.3.1 Feature Categories
Features in three main groups are considered: (1) baseline query-level features from
past research (Teevan et al., 2007); (2) features from general web search related studies
on detecting search difficulty and failure; and (3) new features extended in our study
for the re-finding context. All features considered are listed in Table 6.1. Most features
are numerical, except for some Boolean features such as “ended with query”, “exist
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advanced query syntax”, “all common clicks skipped”, “exist jumped common clicks”,
“exist non-sequential clicks”, and “exist common clicks in different ranks between
original and re-finding” goals. A detailed description of all features is available in
Appendix D.
All features in Table 6.1 can be calculated for the paired goals extracted in our
dataset (see Section 6.2.2), where the first goal in the pair is an original task, and
the second goal is a potential re-finding task. Some features, indicated by ‘*’ in the
table, can be measured across the paired goals (that is, relative to both goals). For
example, for the feature “goal length in no. of queries”, the pair-wise version of this
feature would measure the relative difference of the goal length between the original
and re-finding paired goal. For starred numerical features, we measure the difference
between the paired goals; for Boolean features, we apply logical ‘and’ between the
corresponding values of each goal. Given the defined notions in Table 6.1, the total
number of features that could be calculated for a paired goal is 124.
We further separate the features into two broader groups: those requiring access
to the original goal that we refer to as history-dependent (93 features), and those
that do not history-independent, i.e. current goal only (31 features). This could be
particularly useful for identifying no URL overlapped and isolated re-finding tasks
illustrated in Figure 3.3.
6.3.2 Feature Discussion
Some of the features are explained in more detail here.
The two features “all common clicks skipped” and “exist jumped common clicks”
were inspired by a related study (Shokouhi et al., 2013), which re-ranks repeated
search results based on the behaviour of users in clicking, skipping, or missing results.
As our log data did not contain viewed results, we implemented a similar idea for
clicked results in relation to their ranks. The first feature indicates whether there is
a click at a lower rank, followed by the common clicks at higher ranks. The second
feature indicates whether there is a common click, followed by a click at a higher rank.
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Table 6.1: Features used to detect re-finding and difficulties. Each feature could be
related to either original goal: †, or re-finding goal: ‡, or a relative difference between
both goals: ∗. Features signed by † and ∗ are history-dependent ; whereas, ‡ features
are history-independent.
Baseline query level features
(from past re-finding work)
equal query class ∗
equal query elapsed time ∗
equal query length ∗
equal query no. of original clicks †
equal query no. of common clicks ∗
equal query no. of original uncommon clicks †
General web search
(related) difficulty features
goal length in no. of both queries and clicks ‡
goal length in no. of unique/all queries ‡
goal length in no. of unique/all clicks ‡
mean no. of clicks across all queries ‡
time to the first click ‡
min/max/mean time to the first click of all queries ‡
min/max/mean inter-query time ‡
min/max/mean inter-click time ‡
no. of engaged clicks (dwell time >30 seconds) ‡
no. of clicks on next page ‡
ended with query ‡
exist advanced query syntax (e.g. quotes) ‡
queries per second ‡
clicks per query ‡
fraction of queries for which no click ‡
time span of goal ‡
Extended re-finding features
query overlap/URL overlap ∗
no. of common/uncommon/all clicks † ‡
mean query length of common/all clicks † ‡
mean no. of query common/all clicks † ‡
mean no. of uncommon clicks of all queries † ‡
mean no. of uncommon clicks of common click queries † ‡
days between paired goals ∗
effective search time † ‡ ∗
total dwell time after all queries † ‡
total dwell time after all clicks † ‡
total time to reach to the first common click † ‡
rank of the first reached common click † ‡
mean reciprocal rank of common clicks † ‡
rank of the last click † ‡
no. of non-first-page ranked clicks in common/all clicks † ‡
all common clicks skipped † ‡
exist jumped common clicks † ‡
exist non-sequential clicks † ‡
mean dwell time/relative dwell time of common clicks † ‡
no. of repetitions of common clicks † ‡
fraction of queries with no common clicks † ‡
re-finding is longer than original in length ∗
re-finding is longer than original in no. of queries ∗
re-finding is longer than original in no. of clicks ∗
re-finding missed engaged later clicks in original ∗
first query transformation type within pairs ∗
exist common click in different ranks within pairs ∗
common click in relation to the last click ∗
mean relative goal position of common clicks † ‡
min/max goal position of common clicks † ‡
mean relative common clicks goal position (early, middle, late) † ‡
goal length in no. of both queries and clicks † ∗
goal length in no. of unique/all queries † ∗
goal length in no. of unique/all clicks † ∗
mean no. of clicks across all queries †
time to the first click †
min/max/mean time to the first click of all queries †
min/max/mean inter-query time †
min/max/mean inter-click time †
no. of engaged clicks (dwell time >30 seconds) †
no. of clicks on next page †
ended with query † ∗
exist advanced query syntax (e.g. quotes) † ∗
queries per second † ∗
clicks per query † ∗
fraction of queries for which no click † ∗
time span of goal †
These assumptions are based on the fact that the user is likely to browse the result
page from top to bottom.
The feature “exist non-sequential clicks” was added to investigate the re-finding
behaviour in a non-sequential way, rather than from top to bottom. This feature could
be reflective of the user showing signs of having difficulties re-finding.
The feature “exist common click in different ranks between original and re-finding”
was inspired by Teevan’s study (Teevan, 2006), where changes in the rank of the
clicks make re-finding difficult. Moreover, we added a condition that common clicks
in following result pages could increase the difficulty of the re-finding task (“number
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of non-first-page ranked clicks”).
A dwell time greater than 30 seconds has been highlighted as an indication of
engaged and relevant clicks (Hassan et al., 2011). As low dwell time for relevant
clicks might be applicable for some type of re-finding tasks (lookup-item Elsweiler
and Ruthven (2007)), we also added “relative dwell time”, which is computed in
terms of the fraction of click dwell time to the total time-span of the goal.
Dwell time after clicks might not be entirely reflective of search time, as the user
might spend time on acquiring knowledge, or inspecting a document. Therefore, we
define “effective search time”: the total dwell time after queries and those clicks that
have low dwell time (less than 30 seconds).
Some features were derived based on the position of common clicks in the sequence
of queries and clicks during the goal (last five features in Table 6.1). For example,
“common click in relation to the last click” examines whether a common click occurred
in the last click of either the original or the potential re-finding goal. In terms of the
importance of engaged clicks, we developed the feature, “missed engaged later clicks
in original”. This feature is true if, after some common click, there are engaged clicks
in the original goal that have not been clicked in the potential re-finding goal. This
could hint at a higher difficulty of the re-finding task. On the other hand, an increase
in the position of the common click towards the end of the goal could increase the
likelihood of difficulty in re-finding.
There are other features that are not only based on common clicks. For example,
“query overlap/URL overlap” is defined in terms of the classification between query
and click commonalities of paired goals (see Table 4.3). More commonality could
increase the chance of re-finding. This hypothesis is based on past research regard-
ing on same-path re-finding (Capra, 2006; Tyler and Teevan, 2010). On the other
hand, differences could be indicative of greater difficulties. As an example, “first
query transformation type between original and re-finding” measures the differences
between the initial queries of original and likely re-finding goals (based on traditional
query reformulation types: “exactly the same”, “error correction”, “specialization”,
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“generalization”, and non-trivial transitions considered as “other”).
6.4 Prediction Models
We now use the labelled dataset to build and evaluate prediction models capable of
identifying re-finding tasks and detecting if the user has difficulties with re-finding.
6.4.1 Evaluation Setup
We opted for Support Vector Machines as our classification model, trained with a Se-
quential Minimal Optimization (SMO) algorithm, as this has been shown to work well
in broadly similar classification scenarios (Teevan et al., 2007). We trained two binary
classifiers: the first to classify a goal as re-finding or not; and the second to predict re-
finding difficulty (easy or difficult). We further investigated a combined problem using
a multi-class classifier with three target classes: “notRefinding”, “easyRefinding”, and
“difficultRefinding”.
We employed a 10 times 10-fold cross-validation approach, which repeats 10-fold
cross-validation and measures the average of the obtained results, as recommended
for comparing classification models (Nadeau and Bengio, 2003). As a performance
metric, we mainly report the F-measure, which is reflective of both precision and
recall. A paired two-tailed t-test was used to test for statistically significant differences
in effectiveness.
6.4.2 Prediction Performance
We constructed different classification models using different groups of features. The
performance values of the classifications are discussed in this section.
All Features
Table 6.2 reports the performance values of the different classification models when
using different groups of features as set out in Table 6.1. Overall, when using all
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features, our SMO classifier achieves an F-measure of 91.6 on the identification prob-
lem, and 82.7 on the difficulty prediction problem. We select as a baseline, the model
proposed by Teevan et al. (2007), which used only the group of “Baseline features”.
It can be seen that the overall performance on re-finding identification improves from
89.8 to 91.6, a relative increase of 2.0%, when the additional features are added. More
notably, the performance in difficulty prediction improves from 58.3 to 82.7, an im-
provement of 41.9%. On the other hand, when we compare our classifier with one
trained on “General search difficulty features”, we improve difficulty identification by
4.7%. Looking at the “combined” problem in the last column of Table 6.2, we further
considered a classifier comprised of a combination of “Baseline features” and “General
web search difficulty features” (i.e., the best performing methods for both problems),
and in this case our method still yields an improvement of 11.1%. The changes in
F-measure scores from the discussed comparisons are all statistically significant (two-
tailed paired t-test1, p < 0.05) with the Cohen’s effect size of 1.4 and 1.2 for re-finding
identification and difficulty detection using all features.
In Table 6.3, we examined how the accuracy of our classifiers differs for paired
goals with overlap in the last clicks (exact last click pairs), compared with paired
goals that have overlapping clicks in positions other than the last click (other click
overlap pairs). We assumed that exact last click pairs were likely representative of
re-finding tasks (See Chapter5. The fraction of such pairs was 52%. For these pairs,
the identification of re-finding is 9.2% more accurate in comparison to other click
overlapping pairs in terms of the average F-measure score, which is also higher than
using the whole dataset (96.0 versus 91.6 in Table 6.2). However, in terms of difficulty
predictions, the average F-measure score was 8.2% lower for exact last click pairs in
comparison to other click overlapping pairs (79.7 versus 86.2). This indicates that the
exact last click is a strong signal in the identification of re-finding tasks; on the other
hand, difficulty predictions are more accurate when using other overlapping clicks.
As the combined problem in the last column of Table 6.3, predictions on other click
1We also examined “Wilcoxon signed-rank test” in the case that the differences between pairs
were not normal, which also resulted in significant differences.
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Table 6.2: Re-finding classification accuracy of feature sets measured using F; ‘all’ is
a weighted average for all labels. Highlighted cells indicate where comparisons were
made between our approach (i.e. using all features) and the most accurate baseline.
Re-finding Re-finding Combined
Identification Difficulty (Identification& Difficulty)
class F(%) class F(%) class F(%)
All features
no 82.8 easy 83.7 notRefinding 84.1
yes 94.6 diff. 81.7 easyRefinding 78.7
all 91.6 all 82.7 difficultRefinding 79.6
all 80.4
Baseline features
no 77.2 easy 58.0 notRefinding 68.0
yes 93.4 diff. 58.6 easyRefinding 43.5
all 89.8 all 58.3 difficultRefinding 57.5
all 54.8
General search
no 5.50 easy 80.7 notRefinding 20.4
difficulty features
yes 84.7 diff. 76.7 easyRefinding 66.6
all 64.4 all 79.0 difficultRefinding 69.6
all 55.8
Baseline &
no 77.1 easy 80.6 notRefinding 71.9
General search
yes 93.4 diff. 76.9 easyRefinding 74.2
difficulty features
all 89.2 all 78.8 difficultRefinding 70.8
all 72.4
Table 6.3: Re-finding classification accuracy of exact last click pairs vs. other click
overlap pairs measured using F; ‘all’ is a weighted average for all labels.
Re-finding Re-finding Combined
Identification Difficulty (Identification& Difficulty)
class F(%) class F(%) class F(%)
Exact last click
no 35.0 easy 81.7 notRefinding 49.0
pairs
yes 98.0 diff. 77.4 easyRefinding 80.7
all 96.0 all 79.7 difficultRefinding 76.9
all 77.9
Other click overlap
no 87.9 easy 85.2 notRefinding 87.7
pairs
yes 88.0 diff. 87.1 easyRefinding 71.2
all 87.9 all 86.2 difficultRefinding 82.9
all 82.5
overlapping pairs is 5.9% more accurate than exact last click pairs.
The baseline classifier erred in 81% of the cases in which there was not a common
last click (classes without Last URL click commonality in Table 4.3). Overall, it
was found that 81.6% of the baseline errors were goals classified as re-finding when
they were not, while 18.4% were missed (not classified as re-finding when they were).
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Original Goal
Q: most visited websites T: 2
C(1): www.alexa.com/topsites T: 5
C(2): www.ebizmba.com/articles/most-popular-websites T:7
C(3): en.wikipedia.org/wiki/List_of_most_popular_websites
Re-finding Goal
Q: which sites people seen more + wikipedia T: 15
Q: frequent famous websites + wikipedia T: 5
C(2): en.wikipedia.org/wiki/Wikipedia:Popular_pages T: 6
C(3): en.wikipedia.org/wiki/List_of_most_popular_websites
Figure 6.1: An example of a missed re-finding event. Each line presents a query (Q)
or a click (C). C(n) indicates the rank of the clicked URL. T: n represents the dwell
time in seconds.
Figure 6.1 illustrates an error of the second type. The baseline classifier is unable to
identify this example as re-finding as there is no equal query; whereas it is labelled as
a re-finding instance in the “Query term overlapping”/“Last URL overlapping” class.
Query-based/Click-based Features
The performance of query-based, and click-based features is compared in Table 6.4.
Identification of re-finding, click-based features is more effective (90.5) than query-
based features (76.5). The trend is similar for difficulty detection, although the dif-
ference is smaller (77.6 vs. 70.0). These differences could be due to the fact that
re-finding often tends to be browse rather than query-based (Capra, 2006). However,
some query-based features are more effective than click-based features (to be discussed
in Section 6.5). Note that there may also be users who interact with the search engine
without clicking (e.g. users satisfied with snippets alone). In such a scenario, the
query-based features are required. However, a restriction of our log-based analysis is
that we cannot study this class of user behaviour.
History-dependent/independent Features
The vast majority of re-finding research has focussed on re-finding where the informa-
tion was originally found with a search engine and that finding activity was logged.
We also consider the detection of re-finding without the information from the original
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Table 6.4: Classifier accuracy measured over sets of query-based and click-based fea-
tures using F; ‘all’ is a weighted average for all labels.
Re-finding Re-finding Combined
Identification Difficulty (Identification& Difficulty)
class F(%) class F(%) class F(%)
Query-based
no 51.1 easy 70.2 notRefinding 59.4
features
yes 85.3 diff. 69.8 easyRefinding 55.9
all 76.5 all 70.0 difficultRefinding 63.9
all 59.7
Click-based
no 79.8 easy 79.3 notRefinding 80.2
features
yes 94.2 diff. 75.8 easyRefinding 73.8
all 90.5 all 77.6 difficultRefinding 73.0
all 75.1
(historical) goal (See Table 6.5). The underlying motivation of this analysis was to
examine how dependent the problems of re-finding identification and difficulty iden-
tification are on having access to the searcher’s complete interaction history. This
is an important scenario, since often the searcher cannot be identified (e.g. no login
information, accessing from different location), or the information being re-found may
originally have been found by means other than searching (e.g. browsing, or social
links) and so not recorded in search engine logs.
As discussed in Section 6.3, in this study there are 93 features that require in-
formation from the original goal (history-dependent features), whereas there are 31
history-independent features. From Table 6.5, using only history-independent fea-
tures reduces re-finding accuracy (F-measure of 70.7); past work has not considered
this type of identification, so there is no baseline to compare to (and the scores of
the baseline using all features and history-dependent features are the same). The
performance of this classification can be improved by studying history-independent
features in future work, which enables the identification of more challenging re-finding
tasks. Examining the history-independent column for the difficulty problem, similar
accuracy was obtained for both re-finding and general search. However, features from
the history-dependent group improve the performance of the classifier (i.e. 80.9).
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Table 6.5: Re-finding classification performance of history-dependent/independent
feature sets measured using P: Precision, R: Recall, and F: F-measure.
All
features
History-
dependent
History-
independent
Baseline P: 89.8 1 P: 89.8
query level R: 89.8 1 R: 89.8 -
identification F: 89.8 1 F: 89.8
Re-finding
P: 91.6 1 P: 91.6 P: 67.6
identification
R: 91.7 1 R: 91.7 R: 74.0
F: 91.6 1 F: 91.6 F: 70.7
1 The same as history-dependent.
All
features
History-
dependent
History-
independent
General P: 79.2 2 P: 79.2
web search R: 78.9 2 - R: 78.9
difficulty F: 79.0 2 F: 79.0
Re-finding
P: 82.8 2 P: 81.0 P: 79.3
difficulty
R: 82.7 2 R: 80.9 R: 79.0
F: 82.7 2 F: 80.9 F: 79.1
2 The same as history-independent.
6.5 Feature Importance Analysis
To better understand the role that individual features play in the studied tasks, the
information gain was calculated. This measure estimates the amount of information
that can be obtained about the class prediction, given only the information of a feature
and the corresponding class distribution (Hall, 1999). The top 10 ranked features are
shown in Table 6.5. Some of the top features are related to the commonalities between
paired goals (features related to equal queries or common clicks, e.g. “min goal position
of common clicks”), whilst others are related to the whole goal level (e.g. “effective
search time”).
Our proposed query/click commonalities categorization (“query overlap/URL over-
lap”) is ranked first for the identification of re-finding, while this feature did not appear
in the top 10 ranks for difficulty detection. Yet, this categorization ranks higher than
traditional query classification used in past work (Teevan et al., 2007). Contextual
features appeared to be important for identifying re-finding such as “common click in
relation to last click”, “number of common clicks”, or “mean query length of common
clicks”.
126 CHAPTER 6. DIFFERENTIATION AND PREDICTIONS
Table 6.6: Top 10 features for re-finding identification and difficulty detection ranked
by information gain.
Re-finding Identification
0.533 query overlap/ URL overlap
0.431 common click in relation to last click
0.429 number of common clicks
0.413 equal query class
0.408 (re-finding) mean no. of clicks for queries with common clicks
0.404 (re-finding) max goal position of common clicks
0.404 (original) min goal position of common clicks
0.399 (re-finding) mean relative goal position of common clicks
0.396 (original) mean no. of clicks for queries with common clicks
0.396 (re-finding) mean query length of common clicks
Re-finding Difficulty
0.312 (re-finding) effective search time
0.281 (re-finding) total dwell time after all queries
0.248 (re-finding) max goal position of common clicks
0.242 (re-finding) goal length in number of all clicks
0.229 (re-finding) goal length in number of both queries and clicks
0.198 (re-finding) max time to the first click of all queries
0.182 (re-finding) mean time to the first click of all queries
0.173 (re-finding) goal length in number of unique clicks
0.172 (re-finding) number of engaged clicks
0.170 (re-finding) goal length in number of all queries
The first ranked feature for difficulty detection was “effective search time”, which
was a stronger indicator than the length of the search (e.g. “goal length in number
of both queries and clicks”). Moreover, “total dwell time after all queries” achieved
the second rank, while the corresponding feature for the clicks (i.e. “total dwell time
after all clicks”) did not appear in the top 10 ranks. This shows that spent time after
submitting queries is more likely to be representative of task difficulty than the time
allocated after clicks.
Among other features in Section 6.3.2 that were not ranked in the top 10, “all
common clicks skipped” and “missed engaged later clicks in original” appeared to
be more effective in the identification of re-finding rather than difficulty detection.
These features could provide signals that the user is not interested in previously seen
documents, and therefore the underlying task is not re-finding. Other features such as
“number of non-first-page ranked common clicks”, and “exist jumped common click”
are more important for detecting difficulty instead of identifying re-finding. When the
user navigates to the next result page, it is more indicative of search difficulty than re-
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Figure 6.2: Classifier accuracy of top ranked features for re-finding identification and
difficulty detection. Features ranked by information gain.
finding. Similarly for the “exist jumped common click”, jumping to the previously seen
document could be more indicative of an easy task in recognizing a target document
rather than a particular re-finding behaviour.
The performance of the classification models was also examined for subsets of
top ranked features based on the information gain rankings. We started with the
top-ranked feature for each problem and calculated the performance in terms of the
weighted F-measure score. This was examined additively to consider the performance
over all features, shown in Figure 6.2. It can be seen that the top ranked feature
provides a strong indication of re-finding by itself, and that adding more features
generally improves the performance further. Performance saturates earlier for identi-
fication than for difficulty prediction, which indicates that the latter is a more difficult
task than the former.
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Table 6.7: Top 10 history-independent features for re-finding identification and diffi-
culty detection ranked by information gain.
Re-finding Identification
0.047 re-finding max inter click time
0.046 re-finding goal number of all queries
0.046 re-finding max inter query time
0.044 re-finding total dwell time after clicks
0.043 re-finding mean inter click time
0.043 re-finding mean inter query time
0.038 re-finding total dwell time
0.030 re-finding clicks per query
0.030 re-finding mean number of clicks across all queries
0.029 re-finding mean query length of all clicks
Re-finding Difficulty
0.312 re-finding effective search time
0.281 re-finding total dwell time after queries
0.242 re-finding goal number of all clicks
0.229 re-finding goal length in number of both queries and clicks
0.198 re-finding max time to first clicks
0.182 re-finding mean time to first query clicks
0.173 re-finding goal number of unique clicks
0.172 re-finding number of engaged clicks
0.170 re-finding goal number of all queries
0.166 re-finding number of clicks on next page
History-Independent Features
We examine which history-independent features are important signals. To this aim,
we ranked the 31 features using their information gain relative to the true label dis-
tribution. The results are shown in Table 6.5.
We repeated the experiment of adding features, one by one, to the classifier (Fig-
ure 6.3). In general, employing these features alone results in a performance decrease.
The reduction is lower for the difficulty prediction task.
Some history-independent features can be computed during the search and before
the user has finished the search task (e.g. “mean time to first clicks”). These fea-
tures are referred to as “real-time” in the literature (Liu et al., 2012b), and search
engines that make use of them could provide “real-time” predictions of difficulty or
re-finding. Using all the developed features in this chapter, we measured the accuracy
of predictions given partial information from the beginning of re-finding tasks (after
2, 4, 8, 16, 32, and 64 seconds). The average F-score of 83.7 and 74.3 were obtained
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Figure 6.3: Classifier accuracy of top ranked history-independent features for re-
finding identification and difficulty detection. Features ranked by information gain.
for re-finding identification and difficulty detection respectively, which could indicate
the predictability of these two tasks at real-time for an online user support that can
be further explored in future work.
6.6 Prediction Error Analysis
Here, we perform an error analysis in order to determine the reasons for classification
failure in the different classifiers.
6.6.1 Errors in Re-finding Identification
The proportion of errors in re-finding is 30% of Type 1 (goal wrongly classified as
being re-finding) and 70% of Type 2 (failed to identify actual re-finding cases).
Through manual investigations of Type 1 errors, we identified the existence of
some general-purpose web sites and query keywords that were misleading. The web
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Original Goal
Q: The good withc movie series T: 10
C(2): www.amazon.com/s?ie=UTF8&page=1&rh=n%3A2625373011%2Ck%3Athe%20good%
20witch%20series T: 20
Q: the good witch series T: 7
C(3): Ask.com/Answers
Re-finding Goal
Q: old fashioned good soda fountain glasses T: 4
C(3): Ask.com/Answers T: 35
C(7): www.bizrate.com/water-juice-glasses/old-fashioned-soda-fountain-glasses
T: 20
C(3): Ask.com/Answers
Figure 6.4: An example of a wrongly classified re-finding task.
sites are multi-purpose resources that can be applicable for different information needs
such as “ask.com” or “amazon.com”, and can be searched using general terms such
as “how” or “book”, despite the underlying tasks potentially not being related at
all. An example of such wrongly classified instances is illustrated in Figure 6.6.1. In
this example, the repetition of the same last click and some term overlaps in queries
resulted in the second search being classified as a re-finding; while from the queries,
the underlying search needs are different between the two searches.
Regarding Type 2 errors, most examples were related to partial matches in the
clicked URLs (“URL Root Overlap” in Table 4.3). This could be because most of
the click-based features depend on the whole URL overlap. Another example under
this error type occurred when the common click has low relative dwell time, but
was repeated multiple times throughout the search goal. This error appears to have
occurred due to a lack of training data for this type of user interaction. This could be
enhanced by increasing number of corresponding instances in our training set.
6.6.2 Errors in Re-finding Difficulty Detection
We now turn to errors in detecting difficulty, which in general relate to re-finding tasks
that are slightly difficult, or that are challenging to assess. Among the errors, 43%
were for items that were incorrectly predicted as “difficult”, and 57% were for items
incorrectly predicted as “easy”.
Typical error examples are related to a long time between the search query and
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Original Goal
Q: phone wall mount plates T: 2
C(1): HomeDepot.com
Re-finding Goal
Q: phone wall mounts T: 49
C(5): www.nextag.com/wall-mount-phone/stores-html T: 18
Q: phone wall mount plates T: 62
C(7): www.radioshack.com/product/index.jsp?productId=3921945 T: 37
C(10): www.ebay.com.au/itm/White-Plastic-TV-1-Gang-Coaxial-Single-Wall-Mount-Plate-/
380494246307 T: 39
C(7): www.radioshack.com/product/index.jsp?productId=3921945 T: 30
C(1): HomeDepot.com
Figure 6.5: An example of a misleading case for detecting the difficulty of re-finding
tasks.
the first click, which was in the top ranks. The time value could be misleading due
to multiple possible interpretations: it could indicate the period that the user spent
searching, or perhaps that user interrupted the search and then clicked on the top
results. Similar to this kind of error are examples where the likely target document
was clicked late in the goal, while it was ranked at the top. Again, this type of
example could be misleading due to multiple interpretations: it is possible that the
user could not successfully recognize the top-ranked documents as the target at first.
Alternatively s/he could easily recognize the target document, but first needed to
check new results and then get back to the previously seen document, similar to the
way in which users behave for yes/no questions (White, 2013).
This could also have implications for current search engine design: helping users
by better representing previously seen documents (e.g. by customizing summaries or
thumbnails within the search result page). An example of such misleading cases is
illustrated in Figure 6.6.2. The visited document in the original search was re-found
by the user after some intermediate clicks on documents in lower ranks.
Another class of errors arose where, before reaching the point where query/click
overlap occurred, it seems that the goal was preceded by some related queries and
clicks, but not for the same task. It is challenging to determine whether such a
related search should be incorporated as part of the effort for re-finding a document,
or whether it was not directly related to the current task. A further class of difficult
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cases is where a sequence of common clicks was repeated as likely target documents
between the paired goals. This raises the question of whether the last common click
action should be the criterion for determining difficulty, or whether the first common
click action is sufficient. To better understand these cases and improve our training
set, user experiments are required, which we plan to consider in future work.
6.7 Conclusions and Future Work
In this chapter, we focused on better understanding of re-finding behaviour by an-
swering two questions: a) how can re-finding tasks be differentiated from general
web search tasks; and b) what features characterize user difficulties in completing a
re-finding task.
A set of features were developed and used to construct predictive models for both
the re-finding identification and difficulty detection problems. Classifiers built using
our feature sets achieved an F-measure of 91.6 for identifying re-finding, and 82.7 for
predicting re-finding difficulty. Our models significantly outperform existing query-
based identification approaches with a 2.0% improvement in accuracy for the identifi-
cation of re-finding and 41.9% for difficulty detection. To the best of our knowledge,
our work is the first to investigate the re-finding difficulty classification problem; we
therefore compare our results against an adaptation of general web task difficulty
detection approaches, resulting in a significant improvement of 4.7% for difficulty de-
tection. We analyzed the impact of proposed features at the group and individual
level. Click-based features were shown to be more effective than query-based features
for both identifying re-finding and predicting difficulty. We examined the effectiveness
of history-independent features, which can be computed without identifying the user
and their search history. In this case, performance values are still reasonable, with
70.7 in terms of re-finding and maintaining a respectable 79.1 accuracy for re-finding
difficulty prediction.
An analysis of the effectiveness of individual features for the two re-finding clas-
sification problems demonstrated that our proposed features, such as “query over-
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lap/URL overlap” and the use of the “effective search time”, are ranked highly in
terms of their information gain impact. Investigating the key history-independent
features, our analysis showed that some top ranked features can be calculated as the
search task progresses (e.g. “clicks per query”, or “time to first click”), which means
that search engines can potentially take advantage of real-time prediction, even if
there is no access to the search history of the user.
In future work, we plan to investigate further improvements to our predictive mod-
els by incorporating more real-time and fewer history-dependent features. Enriching
ground-truth data (adding more instances of non-exact last clicks), and addressing
the points raised in our error analysis (handling ambiguous cases in which is difficult
to interpret the user’s actions) are also interesting avenues for further exploration.
Moreover, some basic hypotheses in this study can be extended and further exam-
ined. For instance, instead of pairing sequential goals from the same user, we could
also take into consideration chains of goals (due to the repeated nature of re-finding
tasks). Furthermore, it would be interesting to carry out controlled user experiments
to identify and incorporate user-side factors that cannot be derived from query log
analysis.

Chapter 7
Vertical Differentiation
From our study in Chapter 3, users have difficulty in re-finding textual and also non-
textual types of information. In this chapter we explore and predict user re-finding
behaviour within different verticals and distinguish it from general search behaviour.
We focus on the task of differentiating re-finding activity across verticals. We first
engineer a set of features that are effective for re-finding identification, which are then
used to build machine learned models. Secondly, we explore alternative scenarios, for
instance, when features extracted from a searcher’s history are not available. Next
we explore the performance of our machine learned models for real-time re-finding
prediction, in order to establish whether it is possible to identify and respond to ver-
tical re-finding behaviour while a search session is in progress. Finally, we investigate
which verticals present particular difficulties to users when re-finding. This chapter
has important implications for search engines, in terms of adapting search results by
predicting the type of user tasks and enabling the presentation of vertical-specific
results when re-finding in a vertical is identified.
7.1 Requirement of Vertical Differentiation
Current search engines extend traditional search results to incorporate answers from
a variety of media types and domains (including, but not limited to, videos, images,
and news), which are referred to as verticals (Arguello et al., 2009b).
135
136 CHAPTER 7. VERTICAL DIFFERENTIATION
Although users are able to query each vertical directly, modern search engines
dynamically merge the results from different verticals on the main search results page
to better satisfy users’ information needs. Presenting vertical search results as part of
a main search results page can be adapted based on the underlying type of the user’s
task. Particularly in the re-finding context, if re-finding behaviour within a vertical can
be reliably identified it would be possible for search engines to dynamically respond
to the search request, for example by focusing on the vertical in which the previously
seen information is likely to be located. However, re-finding documents in different
verticals remains a largely unexplored topic.
Figure 7.1 illustrates an example where the user has clicked documents coming
from different verticals in the original search task; however, later on the user is look-
ing for a particular reference link (re-finding task), but she is unable to remember the
previous query and where she has seen that particular link (e.g. through the links in a
Wikipedia page or Yahoo! answers page, or somewhere else). If these cases are prop-
erly identified, a search engine could guide the user to the particular vertical reference
documents as she is not interested in results coming from diverse verticals. This par-
ticularly can be helpful for the cases when the user cannot remember the previously
submitted query, as there is less support for these cases and current re-finding search
services mostly rely on the repetition of the query. The mis-remembering appears to
happen 30% of the time even after one hour (Teevan et al., 2007),
While re-finding has been studied for some time Teevan et al. (2007), however,
re-finding behavior for particular topical domains or media types remains a largely
unexplored topic. In this chapter we investigate whether there are differences between
re-finding across these vertical domains and also in comparison to general web search.
We define general search as a task when the user is not aware of the type of the
document that could address their information need and therefore multiple verticals
can be applicable to the user’s task. While vertical search is viewed as retrieval where
the domain or media type of the document is part of the user’s information need,
in this study a “vertical” is referred to as the topic domain of documents that are
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Original Goal
Q: most visited websites T: 2
C(1): alexa.com/topsites T: 25
C(2): ebizmba.com/articles/most-popular-websites T:17
C(6): youtube.com/watch?v=8g5D_Ks3ago T:27
C(8): computerweekly.com/news/one-billion-visits T:30
C(4): en.wikipedia.org/wiki/most_popular_websites T: 35
C(5): answers.yahoo.com/question/index?qid=200830AAF0
Re-finding Goal
Q: which sites people see more T: 45
Q: frequently seen sites T: 40
Q: web sites frequently seen T: 15
C(4): en.wikipedia.org/wiki/Wikipedia:Popular_pages T: 28
C(5): en.wikipedia.org/wiki/most_popular_websites T: 40
Q: popular websites T: 5
C(4): answers.yahoo.com/question/index?qid=200830AAF0
Figure 7.1: A motivation example when a search engine can guide the user by focusing
on a particular vertical type document. Each line presents a query (Q) or a click (C).
C(n) indicates the rank of the clicked URL. T: n represents the dwell time in seconds.
listed in the main search result page (regardless of whether the documents come from
specialized collections, or ranked general web results).
We investigate if such differences between general and re-finding in verticals can
be modeled and predicted. We examine a set of behavioral search features that dis-
tinguish between verticals when users are re-finding. Then, we evaluate the predictive
power of those features in identifying re-finding tasks from different verticals and gen-
eral web search tasks. Additionally, we study user difficulty when re-finding within
each vertical, and determine if more effort is required for re-finding documents in some
verticals than others.
The main three research questions addressed in this work are as follows:
• RQ 1) What features are effective in distinguishing re-finding tasks in different
verticals?
• RQ 2) How predictable is re-finding within each vertical in contrast to searches
that are not re-finding?
• RQ 3) What are the types of vertical documents that users have more difficulty
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in re-finding?
This chapter has several contributions including: 1) identifying features effective
in distinguishing re-finding tasks in different verticals; 2) predicting re-finding in ver-
ticals and distinguishing from general web search, which could consequently lead to
adaptability of search results; 3) investigating user’s difficulty in re-finding tasks in
verticals, and reporting those verticals that might be more challenging in re-finding
and therefore require improvements for the search experience of users.
The rest of this chapter is organized as follows. In Section 7.2 we describe the past
research particularly for vertical predictions. Section 7.3 explains the datasets and
experimental process of this chapter, in particular how we identify re-finding in verti-
cals and collect ground truth data. Section 7.4.1 investigates some key features for the
identification of re-finding behaviour in verticals. Those features are used to construct
predictive models described in Section 7.5. Section 7.6 discusses the real-time appli-
cability of several vertical classification models. The last research question, regarding
the interplay between vertical domain and difficulty, is addressed in Section 7.7. The
chapter concludes with a discussion and future avenues.
7.2 Related Work on Vertical Identification
In identifying relevant verticals corresponding to user queries, previous studies were
mainly based on machine learning approaches (Arguello et al., 2009a,b). These ap-
proaches outperform the traditional methods in general resource selections used in
distributed information retrieval research (Arguello et al., 2009a). A machine learn-
ing model trained on a labeled dataset is used to predict verticals based on a range
of features. Current examined features can be categorized under two major groups:
content-based (Arguello et al., 2009b; Hong and Si, 2013), and features related to users’
search behaviour (Diaz and Arguello, 2009; Richardson et al., 2007). The latter group
allow classifications to be generalized beyond the level of queries. There are some
investigations regarding portability of existing predictions from available datasets for
verticals to which no training set is available (Arguello et al., 2010). However, in the
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context of re-finding, we know of no research on predicting different verticals. More-
over, in reference to difficulty in re-finding, although we could obtain some level of
accuracy to predict whether the user is struggling (See Chapter6, yet there is a gap
in the link between difficulties in re-finding and verticals.
7.3 Method
To study re-finding behaviour in verticals, we analyse searcher behaviour in query
logs. The datasets and experimental process are discussed in this section.
7.3.1 Datasets
The data used for this research is a sample of a query log from June and October 2012,
gathered from the Yahoo’s Web search engine. The dataset included interactions of
7,380,610 unique users, described by an anonymous user id and a timestamp of when
the user started searching. Logged events included submitted queries, the URL and
rank position of clicked search results, and a timestamp for each event. We followed
strictly the terms of service and privacy policies of Yahoo.
The same as previous chapters on query log studies, we segmented the query log
on different goals, which are defined as a group of related queries and corresponding
clicks submitted by a user to perform an atomic task. Goals were extracted using a
classifier described by Jones and Klinkner (2008). As a basic constraint, re-finding
happens over time for each user. Therefore, all goals from the same user were ordered
by their timestamp, and all possible goals were paired, as shown in Figure 7.2. We,
then applied the time constraint of the short-term re-finding removal on the output of
the goal classification. In total, 171,443,287 paired search goals were extracted from
our sampled data. Similar to the previous chapters, we refer to the first goal in a pair
as the original, and the second as the potential re-finding goal.
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Sequential goals from a user:
{G1, G2, ..., Gn} n: Number of goals extracted for a user.
Examples of paired goals
< G1, G2 >,< G1, G3 >, ..., < G1, Gn >,
< G2, G3 >, ..., < G2, Gn >, ..., < Gn− 1, Gn >
Figure 7.2: Pairing search goals from one user to identify potential re-finding goals.
G: a search goal generated by the user.
7.3.2 Re-finding Goals in Verticals
In order to generate a training set of ground truth data we need two types of in-
formation: 1) whether the second goal is representative of a re-finding task or not;
and 2) which vertical should be associated with the target document to be re-found.
To generate sufficient labeled data, and in order to minimize manual assessment ef-
forts, we aimed to use signals of re-finding and vertical selections that can be applied
automatically to our datasets.
Regarding the automatic identification of re-finding, a final last click on a common
URL in two paired goals (referred to as exact last clicks) has been identified as a strong
feature of re-finding activity in Chapter 5. Specifically, on average, 94.1% of paired
goals with the exact last clicks feature were identified as representing re-finding, and
the item clicked at the end of the goal was the target of the re-finding. The illustration
in Figure 7.1 is an example of a paired goal with exact last clicks (answers.yahoo.
com/question/index?qid=200830AAF0). A total of 10,076,742 paired goals with a
matching last click were extracted from our logs.
In order to determine which vertical the commonly clicked item is associated with,
the item clicked at the end of the goal was matched to web sites that would be searched
by a vertical search engine. The web analytics site Alexa provides a categorisation of
web pages into vertical categories. The top 50 websites for the major verticals were
used in our analysis.1 Note that although this vertical selection approach is focused
on top websites from Alexa, it includes verticals from the specific search engine that
we study even broader in scope. An in-depth analysis indicated that the vertical
1http://www.alexa.com/topsites/category, categories accessed on 25/02/2014.
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Table 7.1: Examples of 10 random out of top 50 websites known for verticals, and the
number of matches between the known websites and exact last clicks in our paired
goals from 7.3.2 (Percentages indicate the fraction of identified re-finding goals in
verticals using top 50 known websites).
Image: 10620 (0.10%)
"myfreecams.com", "photobucket.com", "mashable.com", "tineye.com",
"istockphoto.com", "everystockphoto.com", "photo.net", "images.yahoo.com",
"gettyimages.com", "freeimages.com"
Reference: 52678 (0.52%)
"whitepages.com", "stackoverflow.com","wikipedia.org", "urbandictionary.
com", "yellowpages.com", "answers.yahoo.com", "thefreedictionary.com",
"thesaurus.com","wiki.answers.com", "wordreference.com"
Movie: 865463 (8.59%)
"fandango.com", "movieweb.com", "movies.yahoo.com", "comingsoon.net",
"topdocumentaryfilms.com", "moviefone.com", "rottentomatoes.com",
"filmaffinity.com", "boxofficemojo.com", "nextmovie.com"
News: 196274 (1.95%)
"theguardian.com", "news.com.au", "news.yahoo.com", "foxnews.com",
"nytimes.com", "cnn.com", "bbc.co.uk/news/", "news.google.com/",
"nbcnews.com", "washingtonpost.com"
categories of “movie”, “news”, “reference”, and “image” were the most frequent in our
dataset. Examples of these verticals and their frequency in our dataset are illustrated
in Table 7.1. As the incidence of clicked pages from other verticals were low in number,
we did not consider them in this study. Our “vertical dataset” consisted of 1,125,035
paired goals.
We manually verified the vertical selection process, as the provided Alexa cate-
gorisation might not necessarily be correct. A set of 200 paired goals (50 items per
vertical) with more than one query and click were randomly selected and manually
verified by an expert judge. The percentage of agreements between manual labels and
identified verticals from Alexa was around 84%. This is in line with levels of inter-rater
agreement for the labeling of paired goals in Chapter 5, giving us high confidence in
the approach.
7.3.3 Ground-truth Datasets
We created a labeled dataset out of query log data to address the research questions
described in Section 7.1. Using the vertical selection process introduced in the previ-
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ous section, we generated a dataset consisting of instances from each vertical category
labeled as image re-finding, reference re-finding (e.g. Wikipedia, Yellowpages, etc),
movie re-finding, and news re-finding. A descriptive analysis of the vertical dataset
showed that 82.3% of the paired goals consist of only one query and one click. This in-
dicates that they are most likely to be navigational queries. However, for the particular
purpose of distinguishing verticals and detecting difficulties through search behaviour
we require goals with a higher number of interactions. Therefore, we removed naviga-
tional goals from our dataset using a set of rules taken from Section 4.6. For example,
paired goals, where the re-finding goal includes queries with top domain names (e.g.
“Youtube.com”) were removed. Among the remaining non-navigational paired goals
across the four vertical groups, the “image” vertical has the minimum size, consisting
of 297 pairs. To create a balanced dataset, this same number of pairs was randomly
selected from the non-navigational instances of the other vertical categories.
We also require not re-finding instances to determine differences between re-finding
in verticals and general web search tasks. From Chapter 6, 437 examples of paired
goals that were not necessarily ended with exact last clicks and were not re-finding
were identified by a human assessor. We used the same instances as examples of
general search tasks, and a random sample of 297 not re-finding instances were added
into our dataset. This dataset, with a total size of 1,485 (5×297) paired goals, is used
for constructing predictive models in this study. Note that we did not select the not
re-finding examples per each vertical, as in this study they are used for comparing a
re-finding task against a general search, and not comparing these two contexts given
a particular vertical. In general search, it happens that the user does not target any
specific vertical domain in advance; whereas, in re-finding it is more likely that the
user is looking for a specific document in a specific vertical type from the beginning
of the search. Studying general searches in specific verticals is not the purpose of this
study and therefore, they are not considered in our dataset.
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Limitations
Note that the large reduction in removing navigational goals of data does not neces-
sarily reflect that the re-finding problem we study is small (see Figure 7.3); rather,
applying the filtering rules is a way of giving us a dataset where we are confident we
will find a concentration of more informational re-finding problems. Although focus-
ing on the exact last click pairs is limited in the number of likely non-navigational
goals, it enabled us to identify re-finding across verticals with reasonable accuracy (see
Section 7.3.2), while minimizing manual labeling efforts. From Figure 7.3, there are
other types of re-finding where overlaps between clicked URLs exist (i.e. URL Over-
lapped), but not necessarily in the last click of the goal (i.e. Non Exact Last Click).
Moreover, the paired goals might not always have overlaps in clicked URLs, such as
cases where the URL has changed by the time that re-finding is attempted, but the
corresponding web document is the same; or where the user failed to reach the same
target document, thus having the same task but not resulting on overlapping URLs.
We refer to this type of re-finding as No URL Overlapped. While these cases might be
more likely to include non-navigational re-finding with more number of interactions,
the identification of such cases is challenging from a query log study and is left for
future work.
Moreover, for the identification of verticals, we focused on the vertical domain list
from the search engine and top known domains from Alexa, where paired goals with
exact last clicks were classified into different verticals matching the domain of the last
click with the vertical list. This resulted in 11.16% of the exact last click paired goals
belonging to different verticals (0.10%+ 0.52%+ 8.59%+ 1.95% from Table 7.1).
7.4 Feature Variations in Verticals
In this section we discuss features for identifying re-finding behaviour in verticals and
investigate their variability across the different vertical categories on the ground truth
dataset.
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Paired Goals (100%)
No URL Overlapped (89.11%)
Non Navigational (30.98%)Navigational (58.13%)
URL Overlapped (10.89%)
Non Exact Last Click (5.01%)
Non Navigational (2.20%)Navigational (2.82%)
Exact Last Click (5.88%)
Non Navigational (1.29%)Navigational (4.59%)
Figure 7.3: The percentage of paired goals where the second goal consists of a single
query and a single click (i.e. Navigational), or more than one query and one click (i.e.
Non Navigational).
7.4.1 Features
To distinguish vertical re-finding behaviour from general web search, a range of fea-
tures were examined, ranging from those that are related to the content of queries and
documents, to search behavioural features. We turn to behavioural search features
because the type of content and its richness would vary across verticals. These type of
features are also potentially reflective of search difficulties. This study comprises a set
of 124 features, which are calculated from the paired goals in our datasets; the first
goal is referred to as the original goal, and the second is the re-finding goal. Some fea-
tures are specific to the context of re-finding (e.g. “days between paired goals”), some
are more representative of a general search behaviour (e.g. “goal length in number of
queries”), and others could be potential indicators of search difficulties (e.g. “fraction
of queries for which no click”).
In terms of computation, some features only require information from the re-finding
goal (e.g. “re-finding goal length in number of all queries”), some are calculated based
only on the original goal (e.g. “original number of engaged clicks”, i.e. the number of
clicks with dwell time greater than 30 seconds), and others require access to both goals
(e.g. “re-finding mean dwell time of common clicks”, which requires the identification
of common clicks between paired goals). We refer to the first category of features as
history-independent and the latter ones as history-dependent features, as they require
access to the original goal.2 We also consider re-finding without knowledge of the
2The complete set of features and descriptions can be accessed from D.
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Table 7.2: Significant features distinguishable for one vertical against all the other
three vertical categories using Kruskal-Wallis test followed by Multiple comparison
test after Kruskal-Wallis (p− value < 0.05).
image-movie & image-news & image-reference
re-finding min inter-click time
original effective search time
original total dwell time after queries
movie-image & movie-news & movie-reference
re-finding goal unique clicks count
original mean query length of all clicks
original mean query length of common clicks
news-image & news-movie & news-reference
equal query elapsed time
original user goal, as it is our contention that re-finding could also occur without
an original search: often users employ a search engine to find something they saw
in another context (item found while browsing on the web or shown to them by a
colleague or on social media; see isolated type of re-finding in Section 3.3).
7.4.2 Feature Performance
We use statistical analysis to distinguish between verticals. As the data may not meet
the normality assumptions of ANOVA, we used the non-parametric Kruskal-Wallis
and Multiple comparison test after Kruskal-Wallis (Siegel and Castellan, 1988). The
set of features that were found to be significantly (p < 0.05) distinguishable for one
vertical against all the other three vertical categories are listed in Table 7.2, as these
are the features that are more likely to be indicative of a particular vertical.
The distinctive features of the “image” vertical are more time-based. For exam-
ple, the minimum time between clicks (“re-finding min inter-click time”) was a strong
feature in image re-finding, as was (“original effective search time”), which measures
dwell times in the original goal. Also, the total time spent between issuing queries
and other search events (e.g. clicks or reformulated queries) was distinctive for the
original goal of an image re-finding (“original total dwell time after queries”). The sig-
nificance of the time-based features, suggest that users took longer to locate this type
of information than the other verticals. This suggests the requirement of improving
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search result summaries images.
In “movie” re-finding, the number of unique (not repeated) clicks in the re-finding
goals (“re-finding goal unique clicks count”) was lower than other verticals, suggesting
that users are more successful in re-finding movie documents in comparison to other
verticals. Moreover, the length of queries in the original goal of movie re-finding
(“original mean query length of all/common clicks”) was longer than other verticals,
which can be due to long names associated with entities in movies.
The distinctive features of “news” re-finding was a longer time gap between the
original and re-finding goal (“equal query elapsed time”). This suggests that users
wish to re-find this item over longer time period than information covered by other
verticals.
There are other features that are not uniquely distinctive. For example, for
re-finding “reference” documents, there are features distinctive from “images” and
“news”, but not “movie”. The examples of these features include “re-finding mean
time to the first query clicks”, “re-finding number of clicks per query”, and “fraction of
queries with no click”. Another features that distinguishes the “news” from “movie”
and “reference” is “the number of engaged clicks”, counting clicks with dwell time
greater than 30 seconds.
There are features that were significantly distinctive for more than one vertical. For
example, the mean value of the reciprocal rank of the common clicks were distinctive
in re-finding both “reference” and “movie” documents in comparison to all other
verticals, which could be representative of particular system performance for these
two verticals. Although there might be similarity between verticals, in this work the
primary focus is on identifying distinctive behavior in single verticals.
In addition to such distinguishing features there could be other effects from in-
teractions between features. Moreover, we have not yet considered how accurate the
features are for predicting re-finding in different verticals. To address these questions,
we build a set of predictive models from these features in the next section.
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7.5 Prediction Models of Re-finding in Verticals
In this section we build classification models to assess whether the vertical to which
a re-finding is targeting can be predicted and differentiated from general web search.
We also discuss the performance of classifications in this section.
Distinguishing multiple verticals can be cast as a multi-class classification prob-
lem. We build multiple binary classifications for each vertical as suggested in the past
work (one-versus-all method) (Diaz and Arguello, 2009). We used Support Vector Ma-
chines as our classification model, trained with the Sequential Minimal Optimization
(SMO) algorithm, as this has been shown to work well in broadly similar classification
scenarios (Teevan et al., 2007). Five binary classifiers were trained using the dataset
described in Section 7.3.3. A set of mappings were applied for generating correspond-
ing binary training sets. As an example, for image re-finding predictions, all “image”
labels in training sets were mapped as “yes” responses, and the labels for other verti-
cals and not re-finding were mapped as “no” responses. The same approach was taken
for generating binary training sets for other verticals. In addition to the verticals we
build a training set for generic re-finding, where re-finding goals would be predicted
regardless of the type of vertical. For creating a corresponding binary training set for
generic predictions, all “not re-finding” labels were mapped to “no”, and the rest of
vertical labels were mapped to “yes”, as they are all re-finding goals.
We report the F-measure as a performance metric, calculated as an overall weighted
average of F-measure scores per binary class. We also report precision and recall
scores. We employed a 10 times 10-fold cross-validation approach, which repeats
10-fold cross- validation and measures the average of the obtained results, as recom-
mended for comparing classification models (Nadeau and Bengio, 2003). We used a
paired two-tailed t-test to test for statistically significant differences in effectiveness.
Unless otherwise specified, p-values below the 0.05 level are interpreted as being sta-
tistically significant. Using the training set and features described in Sections 7.3.3
and 7.4.1, different classification models were constructed for predicting re-finding in
verticals.
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Table 7.3: Accuracy of classifications for re-finding in verticals using P: Precision, R:
Recall, and F: F-measure. Baseline is the re-finding classification proposed by Teevan
et al. (2007). Scores are reported in percentages.
Image Reference Movie News Generic Baseline
Re-finding Re-finding Re-finding Re-finding Re-finding
Predictions
P: 86.6 P: 89.7 P: 84.6 P: 80.7 P: 97.5 P: 92.0
R: 87.3 R: 89.3 R: 85.1 R: 82.6 R: 97.5 R: 92.2
F: 86.9 F: 89.5 F: 84.8 F: 81.6 F: 97.5 F: 92.1
We first report results from predictions using all features. Second, we analyse
the effects of using different feature sets (both dependent and independent of original
goals) on the prediction performance.
7.5.1 Overall Predictions
Using all features discussed in Section 7.4.1, we constructed five binary classification
models with binary class labels for each model. We also replicated a model proposed
by Teevan et al. (2007) as a state of the art baseline, which used features limited
to the level of equal queries (e.g. elapsed time of occurring equal queries between
original and re-finding, the length of equal queries, and the number of common clicks
of equal queries between original and re-finding pairs). The results for classification
models are reported in Table 7.3. As the baseline classifies whether equal queries
could lead to repetition in clicks regardless of the type of the vertical, we compared
our “generic re-finding” classification against the baseline, where we could obtain a
relative significant improvement of 5.9% in terms of F-score. Therefore, we compared
the performance of vertical predictions against the more accurate classification model
from the “generic re-finding”.
We investigated the prediction results from two viewpoints. First, we compared
the prediction performance of re-finding in each vertical with the “generic re-finding”
group. It can be seen that “generic re-finding” obtained the highest accuracy with an
F-score of 97.5. Although it is reasonable to expect that providing more fine grained
re-finding distinctions (detecting a corresponding vertical) would be more challeng-
ing than distinguishing re-finding from a general search task, we were interested in
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Table 7.4: Accuracy of classifications for re-finding in verticals using P: Precision, R:
Recall, and F: F-measure. The first row of the result shows overall scores per binary
class for each classifier based on only history-dependent features; whereas the second
row of the results are based on history-independent features. Baseline is the re-finding
classification proposed by Teevan et al. (2007). Scores are reported in percentages.
Image Reference Movie News Generic Baseline
Re-finding Re-finding Re-finding Re-finding Re-finding
History-dependent
P: 85.7 P: 89.5 P: 83.8 P: 75.5 P: 97.6 P: 92.0
Predictions
R: 86.5 R: 89.0 R: 83.8 R: 80.2 R: 97.6 R: 92.2
F: 86.1 F: 89.2 F: 83.8 F: 77.8 F: 97.6 F: 92.1
History-independent
P: 82.1 P: 74.2 P: 71.4 P: 72.1 P: 83.5 not
Predictions
R: 81.8 R: 79.9 R: 79.8 R: 79.9 R: 84.8 supported
F: 81.9 F: 76.9 F: 75.4 F: 75.8 F: 84.1
the effect size. Comparing the overall performance of each vertical classifier with
the generic group in Table 7.3, “reference” most closely approaches the performance
of “generic re-finding” with an F-score of 89.5, while “news” is most different (F-
score: 81.6). This indicates that search behavior in re-finding “reference” documents
is more distinctive than other verticals, relative to the generic group. Although dis-
tinctive features for re-finding “reference” documents against all other verticals were
not identified in Section 7.4.2, here “reference” prediction models obtained the high-
est accuracy among verticals, which could be due to the interactions between features
that were not considered in Section 7.4.2.
As a second viewpoint, we investigated significant differences in re-finding predic-
tions only within verticals, which are the first four columns in Table 7.3. For pair-wise
comparisons within vertical predictions, two-tailed t-tests were carried out on 10 times
10-fold cross-validation runs. This showed statistically significant differences between
each pair of the four verticals (p < 0.05). These results suggest that the identification
of re-finding goals are distinguishable across verticals, which can be due to behavioural
variations in the verticals.
7.5.2 History-dependent vs. Independent Predictions
Information from the original goals could make predictions easier for identifying re-
finding in verticals, particularly when it can be directly established that the user is
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repeating previously submitted queries and clicks. However, this information might
not be available for search engines at re-finding time, for example because of the user
not being logged into the search engine, or due to having originally found the item
by browsing rather than searching. In this section we investigate the accuracy of
the vertical predictions with and without accessing information in the original of the
paired goals. As explained in Section 7.4.1, a subset of features that require accessing
original goals are referred to as history-dependent features, while features that can be
computed based only on the re-finding part of paired goals are history-independent.
The performance of classifications, categorised by these feature groups, is shown in
Table 7.4.
Given that the baseline is limited to equal query features (see Section 7.5.1), and
does not support history-independent features, we compare the performance of vertical
predictions against the “generic re-finding” group. The lack of access to the original
goals (the row labeled History-independent in Table 7.4) decreases the overall accuracy
of the classifiers, either in comparison to history- dependent predictions, or predictions
using all features (Table 7.3). It can also be seen that despite the overall reduction
in effectiveness, identifying “image re-finding” is less dependent on the original goals
with an F-measure score of 81.9 compared to the other verticals, as it suffered the
least amount of reduction. On the other hand, “reference re-finding” appeared to be
more substantially affected by excluding history-dependent features with an F-score
of 76.9. The performance of “movie” and “news” predictions independent of search
history were similar with an accuracy of 75.4 and 75.8 respectively, whereas they were
different using all features in Table 7.3 (84.8 vs. 81.6). This suggests that distinctive
features for these two verticals are mainly from the original goals; examples of theses
features were discussed in Section 7.4.2.
7.5.3 Feature Importance Analysis
To better illustrate the importance of underlying features in the predictions of verticals
we employ the algorithm proposed by Guyon et al. (2002), which has been used for
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Table 7.5: Top five highest and lowest ranked features by an SVM classifier.
Highest Ranked Features Lowest Ranked Features
common click in relation to last click re-finding advanced query syntax
original next page ranked clicks count original ended with query
re-finding min goal position of common clicks both goals ended with query
re-finding last click rank original advanced query syntax
original last click rank same rank common clicks
feature selections in multi-class problems. This algorithm ranks the importance of
features by the square of weight assigned by an SVM classifier, where features are
ranked for each class using a one-versus-all method, and then from the top features
of each class, a final ranking is generated.
Table 7.5 shows the top 5 highest and lowest ranked features. These features
are different in comparison to the features discussed in Section 7.4.2 using Kruskal
Wallis test, which could be due to considering the interactions between features in
the feature selection algorithm. The top feature of “common click in relation to last
click”, which indicates whether there is a common click repeated at the end of either
original or re-finding goal, could be particularly important in distinguishing re-finding
from general search tasks. The number of clicks ranked beyond the first page in the
original search (“original next page ranked clicks count”) are important in predictions
across verticals. In previous chapter, position in the goal is defined in terms of the
number of queries and clicks from the beginning of the search (see Appendix D); in
these experiments, the earliest position in the re-finding goal where a common click
with the original goal occurs (i.e. “re-finding min goal position of common clicks”) is
also important in predicting verticals. Two other important features predictive across
verticals is the rank of the last click in either re-finding or the original goal.
Among the features with the lowest ranks, existing advanced syntax such as quotes
in queries (“re-finding/original advanced query syntax”), or ending search tasks with
query (“original/both goals ended with query”), or whether the common clicks between
paired goals are in the same rank (“same rank common clicks”) are not as important
as other features in predictions across verticals.
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7.5.4 Prediction Error Analysis
In this section, we perform an error analysis in order to determine the reasons for
classification errors in the different classifiers. Using an SVM classifier and 10-fold
cross-validation test, we evaluated a multi-class classification model on our training
set including all five class labels, to examine which instances are incorrectly identified
and which wrong labels were associated. In total, there were 20 categories of errors
(5 × 4), where each of the five class label can be misclassified by the other four
labels. The most frequent errors with 12.8% of incorrectly identified instances were
for “news” re-finding, which was mostly mis-classified with “movie” re-finding. We
randomly sampled 20% of mis-classified instances from each category of the errors to
study the underlying reason for such failures. Although for some errors it was difficult
to detect underlying causes, we were able to identify two common types of errors
due to misleading behavioural indications, and limitations in the labeling of vertical
selections. These occur in 34.4% and 3.1% of the sampled instances, respectively.
Misleading Behavioural Indications
One type of error is because of the similar behaviour of users in re-finding a vertical
document to another type in terms of an indication that is distinctive for that vertical.
For example, the rank of the last click in the original goal is an important feature,
particularly in predicting “image” re-finding it appears that it is likely for the user to
click on the suggestion results from the search engine. There were cases where the user
is looking for another type of document (e.g. movie) but with a similar behavioural
pattern, which seems to result in mis-classification (see Figure 7.4).
Limitations in Vertical Selection
The other type of errors that occur for a particular type of search task are due to the
limitations in the current vertical selection approach, which is based on the domain
type of the last click in search (as discussed in Section 7.3.2). There are types of
search tasks where the user might need to re-find a particular type of document (e.g.
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Original Goal
Q: harry potter and the deathly hallows T: 2
C(3): youtube.com/watch?v=_EC2tmFVNNE T: 20
C(): movies.yahoo.com/movie/1810004624/info
Re-finding Goal
Q: potter T: 11
Q: trailer harry potter T: 50
Q: trailer harry potter and the deathly hallows T: 5
C(2): movies.yahoo.com/movie/1810004624/info
Figure 7.4: An example of mis-classification between image and movie documents.
The click without rank, c() in the original goal means a suggestion click from a search
engine.
Original Goal
Q: jumps on dead whale T: 2
C(1): dailymail.co.uk/news/article-2816706 T:25
C(3): youtube.com/watch?v=7A3M8X5RE2A T: 20
C(4): bbc.com/news/world-australia-29876477 T: 10
C(5): cnn.com/video/man-rides-dead-whale
Re-finding Goal
Q: whale climbing T: 35
Q: jumping on a whale T: 10
C(3): youtube.com/watch?v=7A3M8X5RE2A T: 5
Q: Australian man riding a dead whale T: 5
C(2): cnn.com/video/man-rides-dead-whale
Figure 7.5: An example of mis-classification between news and movie documents.
a movie) through a news website as illustrated in Figure 7.5. Here due to our vertical
identification approach, the “news” label is considered as the true label, whereas the
underlying need of the user is a document in the “movie” type. Due to the limitations
of the underlying training set, this is reported as a mis-classification. In future work,
we plan to explore more complex labeling schemes that allow items to be in more than
one category.
7.6 Early Predictions
The previous section shows how prediction models for re-finding goals in verticals
could obtain a reasonable level of accuracy without accessing the corresponding origi-
nal goals. In this section we examine the effectiveness of predictions across a developing
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search goal, using real-time interactions while the user is searching. For this exami-
nation, we used our training set explained in Section 7.3.3 focus on non-navigational
paired goals. This class of task includes longer re-finding goals, which are therefore
more amenable to time-based analysis, unlike the majority of navigational paired goals
that consist of a single query and click.
To build classification models at the early stages of a goal, we need to construct
appropriate training sets since our current datasets are based on features computed
over information from the entire re-finding goals. Among the features described in
Section 7.4.1, although some features can be measured at the early stages of a goal
(such as “time to first click”), others naturally require accessing the whole goal to be
computed (for example, “total dwell time after all clicks”). To customize our training
sets for the current investigation, instead of only incorporating features based on
whether they can be computed on a real-time basis or not, we computed all features
but given only the partial interaction information up to the stages in the re-finding
goal currently under consideration. Early stages in re-finding are studied in terms of
two aspects: a) time dedicated to search, and b) the number of issued queries and
clicks.
7.6.1 Query/Click Time
We first examine effectiveness based on wall-clock time, to give an overall indication
of how well predictive models can be expected to perform if required to give a real-
time response as searches unfold. This comparison is of particular interest since a
search engine analysing the behaviour of a real user has no advance indication of how
long the particular search goal will be. To construct predictive models over time (i.e.
based on partial information rather than the whole goal), interactions from re-finding
goals were incorporated into generating datasets at different time points. For example,
given a time point of 2 seconds, all paired goals in the non-navigational dataset were
truncated to only include interactions recorded before 2 seconds from the start of the
search.
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Figure 7.6: Accuracy of real-time vertical predictions over time; the size of training
sets is decreasing over time, as completed re-finding goals are discarded.
Over time, goals may reach a natural completion point where the final action
of the goal has taken place. Completed goals are removed from datasets at later
time points. We stopped generating datasets for real-time predictions after around
half an hour (2,048 seconds) from the beginning of the goal. Due to low number of
cases close to the maximum completion time, we did not consider this time point in
training predictions and we focused on early time points, which are more important
for our real-time analysis. For the time-based datasets with partial information in the
re-finding goals, all features listed in Section 7.4.1 were computed.
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Figure 7.7: Accuracy of real-time vertical predictions over time; the size of training
sets are equal.
New classifiers were built using training sets corresponding to the different time
points. The accuracies of these classifiers are shown in Figure 7.6. The x-axis shows
the time lengths of re-finding interactions for each training set, and the y-axis shows
the weighted F-measure scores of corresponding classifications.
From Figure 7.6, “image” predictions obtained the greatest accuracy, 82%, com-
pared to other verticals early in re-finding goals. This vertical was also shown to be
relatively independent from the original goal of the users in comparison to the other
verticals, as discussed in 7.5.2.
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Contrary to expectations, the performance of the classifiers for some vertical groups
begin to show a decrease in performance at the higher end of the considered time
spectrum. This could be due to a decreasing number of training items over time,
as completed re-finding goals are removed. To better illustrate the effect of only
partial information from re-finding goals on real-time predictions, we constructed new
classifiers, where the size of training sets is held constant at all time points. The size of
training set at the longest time point in our analysis, 2,048 seconds, had the smallest
training set, consisting of 408 items. To construct training sets of equivalent size
for the earlier time points, 408 items were sampled from each of these; the sampling
process was repeated 10 times for each time point before the last, and the mean results
are reported.
On building new classifiers on the same size training sets, we used 10-fold cross-
validation on each sampled training set. The mean and confidence interval values of
weighted F-measure scores were computed for new classifiers and are shown in Fig-
ure 7.7. The confidence intervals reflect the variance in performance due to sampling
and 10 times 10-fold cross-validation runs. As can be seen, “image” vertical is still
highly predictable, even in the early stages of re-finding, and this performance is rel-
atively constant over time. Other verticals demonstrate upward trends over time,
suggesting a greater dependency of these verticals to entire information on re-finding
goals.
7.6.2 Query/Click Count
Overall, a general upward trend was found in the accuracy of predictions over time.
However, wall-clock time may not always be reflective of the actual development of
progress in a search goal, for example when the user interrupts their search activity
to carry out an unrelated task. We therefore studied another way of measuring early
stage in re-finding by counting the number of issued queries and clicks.
We employed the same approach as in Section 7.6.1 to build multiple classifiers
over the number of queries and clicks in re-finding goals instead of the time dedicated
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Figure 7.8: Accuracy of real-time vertical predictions over the number of issued queries
and clicks.
to these interactions. On our non-navigational dataset, the minimum and maximum
number of queries and clicks were 4 and 56 respectively. For training datasets at
different interaction points, we computed all features but only using the subset of
interactions up to the chosen point. As previously, those re-finding goals that have
already been completed were discarded once their final number of queries/clicks was
exceeded. In this exploration, the size of the training sets was quite balanced (from
1,485 instances for 2 queries/clicks to 1,471 instances for 32 queries/clicks).
The performance of the predictive models are illustrated in Figure 7.8, where
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predictions are built starting from only two queries and clicks in re-finding goals.
Here, mostly upward trends can be observed in the performance of vertical predictions
given a higher number of queries/clicks in re-finding goals. Similar to the results of
Section 7.6.1, predictions of the “image” vertical appears to be less dependent on
the entire information on re-finding (81.4% accuracy given one query and one click
from the re-finding goal and information from the original goal). However, given
more interactions of re-finding goals, the accuracy of predicting “reference” verticals
outperform the “image” predictions. This trend does not appear in Section 7.6.1,
because by increase in the count of queries/clicks we are further along in search than
the corresponding clock-time covered in the previous section. As previously discussed
in Section 7.5.1, when the full set of re-finding information is available, “reference”
predictions are more accurate than “image” predictions.
Overall, we can conclude that there is already a reasonably high level of predictive
accuracy achievable in the early phases of search goals. This would benefit search
engines for the adaptation of search results at the early stage of re-finding activities.
7.7 Difficulties in Re-finding Verticals
Predictions of verticals could be particularly useful when users are struggling in re-
finding documents. In these situations, search engines need to adapt the results,
considering that there is a capability to predict re-finding in verticals early in the
search, as established in the previous sections. We therefore further examine whether
there are different levels of user difficulty across verticals. The verticals where users
struggle the most when re-finding need to be identified for the attention of search
engines to focus on possible improvements. In this exploration, we studied the effort
of users as an indication of difficulty, as has previously been suggested in the context
of general web search (Liu et al., 2010).
The effort of users (or the difficulties that they are having) can be measured in
terms of the number of submitted queries and clicks in the re-finding goals, as shown in
Chapter 6. User effort can be categorized under four levels of effort for each vertical,
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as illustrated in Table 7.6. The first level includes likely easy navigational tasks,
where re-finding goals consist of only one query and one click. The next two levels
of effort include either multiple queries (more likely search-based efforts) or multiple
clicks (more likely indicates browse-based efforts). The final level contains the rest of
re-finding goals, with multiple queries and multiple clicks.
The frequency of occurrence of each of the four effort classes is shown in Table 7.6
for the four vertical groups. A chi-square significance test over the counts of effort
levels for all four verticals indicates significant differences (p < 0.001). All pair-wise
comparisons between verticals were also statistically significant. The “news” vertical
group showed the highest percentage of first level (i.e. easy) tasks compared to other
verticals. Re-finding “image” documents appeared to be the most difficult for users
with a higher proportion of re-finding in the fourth level of re-finding (last row of
table). The other two vertical groups, “reference” and “movie”, appear to be highly
similar. However, this could also be related to the nature of user behaviour in re-
finding documents, where the user submits more number of queries and clicks for
re-finding an “image” in comparison to the other verticals. We hypothesized that the
number of queries and clicks should be correlated with the time gap between paired
goals; however, only the “reference” vertical was significantly correlated (Pearson
correlation p < 0.0005). Generating manual ground-truth data and investigating
other indications of difficulty could be helpful to distinguish user difficulties across
verticals, and we plan to consider this in future work.
Comparing the types of effort in the second and third categories, it can be seen
that re-finding tasks across verticals tend to be more browse-based rather than search-
based. This is also a natural feature for generic re-finding, which tends to be browse-
based (Capra, 2006).
We also examined two time-based features, which were highlighted in past studies
as being effective for predicting the satisfaction of users, which one could view as a
concept inversely related to difficulty. Would such features be effective in a vertical
re-finding context?
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Table 7.6: Re-finding in verticals and the effort of the users in number of submitted
queries and clicks.
Image Reference Movie News
one query 8,115 42,712 707,536 167,637
& one click (76.4%) (81.1%) (81.7%) (85.4%)
one query 297 3,036 46,833 8,107
& multi clicks (2.8%) (5.8%) (5.4%) (4.1%)
multi queries 74 938 14,768 1,330
& one click (0.7%) (1.8%) (1.7%) (0.7%)
multi queries 2,134 5,992 96,326 19,200
& multi clicks (20.1%) (11.4%) (11.1%) (9.8%)
The two features examined are “time to first click” and “number of engaged clicks”
(i.e. clicks with dwell time greater than 30 seconds) (Hassan et al., 2011). From the
Kruskall-Wallis and post-hoc analysis in Section 7.4.2, the “time to first click” was
not shown to be significantly different across verticals; however “number of engaged
clicks” differentiates the “news” vertical from the “movie” and “reference” verticals.
The mean values for the “number of engaged clicks” in the latter verticals (i.e.
2.8, 3.2) were lower than for the “news” vertical (i.e. 3.5). However, this might not
necessarily indicate that the users are less satisfied with “movie” and “reference” re-
finding than “news” as a smaller number of engaged clicks exist. There are clicks with
high dwell time in re-finding “news” documents when the user engaged with some
other documents that are not related to the target document.
Apart from distractions, given the last click as the target known document, clicks
with high dwell time in the middle of the search are not necessarily an indication of
satisfaction. They might be more reflective of users struggling to recognize the target
document rather than engage with relevant documents.
This shows that previously established features that indicate satisfaction or diffi-
culty in the general web context may not necessarily be applicable for the re-finding
context and they could vary on different verticals. Particular indications of difficulties
for re-finding documents across verticals can be studied in future work.
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7.8 Discussions and Future Work
This work focused on differences between re-finding behavior across verticals and
examined comparisons with general web search. For the identification of verticals,
we employed an automatic approach taking advantage of detecting re-finding goals
based on common last clicks. In this automatic approach, a set of websites that have
been already categorized under different verticals were matched with the last clicks in
re-finding goals.
As this work is the first study in distinguishing re-finding across verticals, the
aim was to investigate possible differences in a particular segment of the re-finding
landscape. Moreover, we compared re-finding in verticals against general search, and
we have not studied comparisons against not re-finding instances per each vertical.
There has been research on user’s search behavior for different verticals in the
general search context (e.g. studies by Goodrum and Spink (2001), and Diaz (2009)).
Our current work can be extended to incorporate other types of re-finding, and also
compare them against general searches per each vertical, where there is a need to
generate manual ground truth data for vertical identifications.
Through generating ground truth data with a variety of verticals and also increas-
ing the size of datasets, we also would be able to study re-finding in other verticals
such as “shopping”, etc. Moreover, in previous work by Arguello et al. (2010), it was
shown that some features are portable across different verticals, and we can potentially
explore this topic further. Considering topic-based features together with behavioral
features could improve the accuracy of vertical predictions.
One of the applications in predicting re-finding in verticals could be narrowing the
search results to a particular domain for re-finding in only one vertical, and if the
search history of the user exists, previously seen documents in the particular domain
can get higher ranks. However, the usability of this approach from the perspective
of users requires user-based experiments. In particular, past research has shown that
users tend to repeat the same actions (Capra, 2006), and that changing the ranks of
documents in an unexpected way might in fact make re-finding more difficult (Teevan,
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2006). This problem is referred to as change blindness. Therefore, changing search
results to be more representative of a particular vertical, may need to be considered
when the confidence of the prediction is high. In future work, the effectiveness of
predictive models on improving the experience of users can be examined by conducting
user experiments.
7.9 Summary
Our study in this chapter is, to the best of our knowledge, the first investigation of
searcher behavior when re-finding the types of of documents associated with vertical
domains. Our work aimed to a) identify potential distinguishing features of re-finding
across verticals; b) predict re-finding within each vertical and investigate how different
they are from searches that are not re-finding; and c) detect vertical documents to
which users have more difficulty in re-finding.
A set of search behavioral features that were distinctive for re-finding tasks across
verticals were identified. We also constructed classification models depending on the
types of features (history-dependent vs. independent). On average, the accuracy
of predictions across verticals is 85.7%. This compares to 97.5% for distinguishing
re-finding from general search tasks. Prediction of re-finding “reference” documents
acquired the highest accuracy among other verticals (89.5%).
When considering re-finding independent of the original search of the user, it seems
that identifying “image” is the easiest to do (81.9%) with the accuracy of “movie”
re-finding, being the hardest (75.4%). We hope that this type of prediction will enable
the creation of re-finding services that operate independent of the search history of
the user.
Further investigating the real-time prediction effectiveness of the models showed
that predicting “image” document re-finding obtained the highest accuracy early in
the search. Early predictions would benefit search engines with adaptation of search
results during re-finding activities.
In studying difficulty in terms of user effort, re-finding in the “image” vertical
164 CHAPTER 7. VERTICAL DIFFERENTIATION
appears to take more effort in number of issued queries and clicks than other in-
vestigated verticals, while re-finding “reference” documents seems to be more time
consuming when there is a longer time gap between the re-finding and corresponding
original search. Exploring other features suggests that there could be particular diffi-
culty indications for the re-finding context and specific to each vertical, which can be
investigated in future work.
Chapter 8
Conclusions and Future Work
This thesis has investigated the issue of effectively supporting users with re-finding
search tasks. To this end, we have identified features that allow for more accurate
distinction between re-finding and general tasks (particularly independent of previous
search of the user, and early at search time). This will enable search engines to better
adapt search results for the re-finding context and improve the search experience
of the users. Moreover, features indicative of similar/different and easy/difficult re-
finding tasks have been explored that can be employed for building balanced test
environments, which is one of the main gaps in the re-finding context.
In this chapter we summarize the contributions of this research and also present
avenues where search needs in the re-finding context can be further explored in future
work.
8.1 Contributions
Getting back to the main research questions introduced in Chapter 1, an overview of
main contributions is provided in this section.
8.1.1 RQ 1 - Ground Truth Data for Differentiation
Recap of research questions: In the first main exploration of this thesis, the
following research questions on the ability of human assessors in identifying re-finding
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tasks and search difficulties were addressed:
RQ 1-1) Can human assessors consistently agree on identifying re-
finding tasks, and levels of user difficulty in carrying out such tasks?
RQ 1-2) Do contextual type of factors affect the level of agreement
between assessors in identifying re-finding and difficulties?
As a way of exploring how consistently human assessors are able to identify re-
finding and search difficulty, the agreement between assessors were examined. More-
over, factors that could impact on the level of agreements between assessors, were also
investigated.
Summary of results: On examining different guidelines and the experience of as-
sessors, a fair level of agreement could be obtained that is used for generating ground
truth data, which consequently enables constructing predictive models in the re-finding
context. Moreover, explorations on assessor agreements and the impact of contextual
factors on the level of agreements have implications for other labelling contexts. As an
example, developing the detailed level of guidelines could make significant differences
for the level of agreement between assessors for both re-finding identification and diffi-
culty detection tasks. However, detailed guidelines could not make a significant effect
for the context of relevance assessments in TREC Legal Track (Webber et al., 2012b).
This indicates that an appropriate level of detail in guidelines is dependent on the
research problem.
Summary of contributions: Addressing the first main research questions in this
thesis helped us in making following contributions:
• We demonstrated the ability of human assessors in identifying re-finding tasks
and search difficulty, which proposes an alternative approach for generating
ground truth data instead of collecting user perceptions. This approach can
be extended to a broader search context than re-finding tasks, to study the
viewpoints of external assessors when it is not practical to collect self-reported
data from the users.
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• Search characteristics representative of system performance and searcher effort
were significantly influential on the level of assessor agreements. This contributes
to the fundamental understanding of human perception not only in the context
of re-finding, but also for other labelling applications such as relevance judge-
ments. Considering these factors in training assessors and sampling datasets
could result in higher agreement rates, and more balanced ground truth data to
be generalized and extrapolated over the whole domain of the labelling problem.
• The effect of detailed guidelines in increasing the level of agreement between
assessors was established in our re-finding exploration, which is in contrast with
some other labelling problems. This result contributes to the broad labelling con-
text indicating that the amount of effort that should be invested by researchers
into developing guidelines at the appropriate level of detail is dependent on the
labelling problem that is being considered.
8.1.2 RQ 2 - Differentiation and Prediction
Recap of research questions: Acquiring knowledge from the previous research
question enabled us for exploring the next main research question of this project on
building re-finding identification and difficulty models:
RQ 2-1) How can re-finding tasks be differentiated from general web
search tasks?
RQ 2-2) What features characterize user difficulties when carrying out
a re-finding task?
Summary of results: Our re-finding identification model, which was the first model
at the task level, could significantly outperform the accuracy of existing query-based
identifications by 2.0% (with an F-measure score of 91.6). As for the difficulty model
there is no prior effort in the re-finding context, we compared our model against
general web task difficulty predictions resulted in significant improvements by 4.7%
(with an F-measure score of 82.7).
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We further analyzed important features for both identifications of re-finding and
difficulties. For both two tasks of identifying re-finding and predicting difficulty, click-
based features were shown to be more effective than query-based features. Although
past research in identifying re-finding is dependent on the availability of search history
of the user, we examined the effectiveness of history-independent features, which can
be computed without identifying the user and their search history. In this case, the
accuracy of predictions are still reasonable, with 70.7 in terms of re-finding and main-
taining a respectable 79.1 accuracy for re-finding difficulty prediction. The history-
independent prediction enables the identification of re-finding tasks where there is no
corresponding original task. Examples of such tasks are re-finding information items
on behalf of others, which emerged from user surveys in Chapter 3. Moreover, using
developed features, the accuracy of predictions given partial information from the be-
ginning of re-finding tasks were measured. For re-finding identification and difficulty
detection, the average F-score of 83.7 and 74.3 were obtained respectively, which could
show the predictability of these two tasks at real-time for an online user support.
Summary of contributions: Exploring the second main research questions has
made several contributions as follows:
• Developing and assessing features indicative of re-finding and difficulties, which
enables automatic identifications of re-finding tasks and search difficulties
• Constructing the first predictive model for difficulties in the re-finding context,
and the first task-level identification model with implications for adapting search
results based on the underlying user’s task
• Studying a previously unexamined re-finding task, and examining predictive
models for this type of re-finding tasks, which enables developing services inde-
pendent from the search history of the user
• Discussing behavioural differences between re-finding and general web search
as well as between easy and difficult re-finding tasks with implications for con-
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structing balanced test environment for evaluating re-finding systems
• Demonstrating the feasibility of real-time identification of re-finding tasks and
search difficulties, which has implications for search engines to dynamically re-
spond to the user’s request
8.1.3 RQ 3 - Vertical Differentiation
Recap of research questions: In the last research questions of this project, we
have investigated more detailed distinctions in re-finding tasks in terms of the type of
vertical to be re-found. Besides acquiring more distinctions among re-finding tasks, the
reason for exploring the last research questions was for illustrating the requirement
of adapting existing general search techniques for the re-finding context. Merging
multiple search verticals is one of the techniques that most search engines employ to
guide users for the general search tasks, which might not be applicable for the re-
finding context, where the user is looking for one specific document. The last research
questions are listed as follows:
RQ 3-1) What features are effective in distinguishing re-finding tasks
in different verticals?
RQ 3-2) How predictable is re-finding within each vertical in contrast
to searches that are not re-finding?
RQ 3-3) What are the types of vertical documents that users have more
difficulty in re-finding?
Summary of results: Initially we have identified a set of search behavioural fea-
tures distinctive for re-finding tasks across verticals, which could indicate the feasi-
bility of distinguishing re-finding behaviour based on the vertical type of information
needs. Furthermore, using machine learning techniques, predictive models have been
constructed for distinguishing re-finding in verticals and general web search tasks.
On average, the accuracy of predictions across verticals is 85.7%, whereas 97.5% for
distinguishing re-finding from general search tasks. Re-finding “reference” documents
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acquired the highest accuracy among other verticals (i.e. 89.5%), and prediction of
re-finding “image” documents was more accurate in comparing to “movie” and “news”
verticals.
We also investigated the accuracy of predictive models independent of the search
history of the user. On average 77.5% accuracy was obtained across verticals in
comparison to 85.7% with accessing to the past search history of users. Exploring
prediction models given only information from early time in the search showed that
re-finding “image” document could obtain the highest accuracy in real-time. Early
predictions would benefit search engines with adaptation of search results during re-
finding activities.
Moreover, we have explored what are the verticals to which users might have dif-
ficulty in re-finding. Re-finding “images” takes more effort rather than other verticals
such as “news”. This has implications for search engine to adapt the search results
by predicting the type of users’ tasks and provide more guide for more difficult tasks.
Summary of contributions: The last research questions resulted in the following
contributions:
• Identifying features effective in distinguishing re-finding in verticals, which en-
ables automatic detection of the topic domain of the document to be re-found
• Predicting re-finding in verticals and distinctions from general web searches,
which could consequently lead to adaptability of search results
• Minimizing dependency to the past search history of the user and future infor-
mation in re-finding tasks as a real time prediction of re-finding across verticals
• Investigating user’s difficulty in re-finding vertical documents, and reporting
those verticals that might need more attention to improve the search experience
of the users.
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8.1.4 Other Benefits
In addressing the main research questions of this thesis, we conducted a set of user
surveys and log analyses to make a clearer understanding of re-finding behaviour.
Moreover, we studied the feasibility of search features in differentiating re-finding
tasks and search difficulties. The contributions from these studies are summarized in
this section.
The Landscape of Re-finding Tasks
We conducted surveys recruiting a range of participants from undergraduate and post-
graduate students to librarians and employees (presented in Chapter 3. New types
of re-finding tasks emerged from this exploration that have not been detected in past
research (e.g. re-finding on behalf of others). Re-finding examples were gathered
and categorized under different groups based on the type of the users and qualitative
experiments (i.e. focus groups and one-on-one interviews).
The difficulties pointed out by the enterprise users are useful not only for im-
proving re-finding tools in the personal search context, but also for enterprise search
applications. Examples of potential improvements are cross-user re-finding, suggesting
results from one user to another user, where the same target document is searched.
The main contributions from the user surveys are summarized as follows:
• Collecting and categorizing examples of re-finding tasks, search difficulties, and
features that could impact on the re-finding behaviour of users, and therefore
should be considered in developing new search tools.
• Detecting new types of re-finding tasks from interviewing users in the personal
and enterprise search applications.
The Power of Task Features in Differentiation
We conducted a feasibility study on the power of task features in differentiating re-
finding examining the perception of users (See Appendix C). A set of features was
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perceived by users to be indicative of different re-finding tasks. Although established
features in past research on identifying task differences were influential, there were
features with higher effects in regard with enabling task differentiation. This shows
the feasibility of feature effects on differentiating tasks, which helped us in developing
re-finding identification models (See Section 8.1.2). Moreover, the acquired knowledge
from the investigated features has implications for the development of test environ-
ments using features with similar or diverse effects. The main contributions from this
feasibility study are summarized as follows:
• Examining the perception of users in differentiating tasks in terms of underling
search features.
• Demonstrating the power of features in distinguishing re-finding tasks, with fur-
ther implications for developing balanced test environments considering features
with similar or diverse effects.
Statistics of Re-finding Behaviour
In the main explorations of this project, we have mainly focused on the behavioural
search features, which were shown to be more reflective of user’s search difficulties.
As the importance of behavioural factors, we measured re-finding behaviour in the
particular web search context using query logs. The descriptive analysis of re-finding
behaviour presented in Chapter 4 contributes to the basic knowledge about re-finding
tasks. Examples of behavioural analysis include studying the type and length of re-
finding tasks particularly in terms of queries and clicks. This descriptive analysis has
made the following main contributions:
• Proposing classes of query/click overlapping, which is used for identifying re-
finding tasks with different levels of commonalities in queries and clicks, and
consequently different levels of difficulty
• Establishing the indications of navigational re-finding tasks
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8.2 Future Work
In this section, we discuss potential research lines as future work. These lines of re-
search include a diverse range from proposing search services to studying the cognitive
aspect of re-finding and facilitating experimental designs for evaluations. In this sec-
tion, first we explore future work per main research question of this thesis, and later
we explain other related lines of research.
8.2.1 RQ 1 - Ground Truth Data for Differentiation
In exploring the ability of human assessors in identifying re-finding tasks and search
difficulties, a fair level of agreement could be obtained, which is influenced by the level
of detail of guidelines along with other contextual search conditions. Two contextual
characteristics representative of system performance and searcher effort were exam-
ined. Exploring other features, such as time-based characteristics, showed they may
be influential in the level of agreement. These features indicative of user’s search be-
haviour need to be further investigated, particularly for detecting re-finding difficulties,
as the importance of behavioural features has been highlighted in past research (Liu
and Kim, 2013). Considering these effective features in developing guidelines and
sampling data will lead to higher agreement rates, which consequently could result
in more balanced ground-truth data incorporating multiple factors reflective of the
whole dataset. This is not only a matter of re-finding and difficulty agreements, but
also this exploration would be useful for other human labelling applications to detect
effective factors along with the selections of guidelines and assessors.
As another avenue for illustrating assessor’s ability in detecting difficulties, a
ground truth data can be generated by searchers, where the gathered labels from
assessors can be examined against the perception of searchers. Moreover, collecting
and analysing qualitative data from assessors after labelling could provide further
insight of influential factors, which can be explored in future work.
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8.2.2 RQ 2 - Differentiation and Prediction
Our predictive models for identifying re-finding tasks and search difficulties can be im-
proved by exploring more real-time features. Real-time predictions will enable search
engines to dynamically respond to the user’s task. Moreover, some basic hypotheses
in the identification of re-finding can be extended and further examined. For instance,
rather than pairing all possible goals from the same user, we could also consider chains
of goals. Furthermore, it would be interesting to conduct controlled user experiments
to identify re-finding and difficulty incorporating user-side factors that cannot be de-
rived from query log analysis.
Through the developed identification models, re-finding and search difficulties can
be distinguished from general search context. On top of this knowledge, new re-finding
services can be further developed to help the user in re-finding tasks. Examples of
such services include customized query suggestions or summarizations. Some of these
services can be explored considering the search history of the users for personalized
services per user; however, general services can be investigated without the require-
ment of identifying a specific user or the past search history of the user (e.g. query
suggestions personalized based on special mistakes that the user makes, versus general
suggestions from common mistakes that people make).
8.2.3 RQ 3 - Vertical Differentiation
As our explorations on differentiating re-finding across verticals has not been tried
before, the aim was to investigate possible differences in a particular segment of the
re-finding landscape. This segment was limited to the type of re-finding tasks in paired
goals with exact last clicks. However, as discussed in Section 7.3.3, there are other
types of re-finding tasks that we did not consider in our differentiating study across
verticals. Besides the type of re-finding tasks, there are other types of verticals, where
re-finding can be modeled, such as shopping, job, and so on. Different vertical types
could make differences in re-finding and the way that people behave. For example, in
the domain of job search, there is a lack of knowledge about the frequency of re-finding
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tasks, i.e. how often people search for previously seen job advertisements rather than
new ones. These types of verticals can be further explored in the context of re-finding
tasks.
Moreover, in our vertical explorations, we compared re-finding behaviour against
general search, however, we have not studied comparisons against not re-finding in-
stances per each vertical. In general search, there has been research on people be-
haviour in searching for documents in verticals. For example, Goodrum and Spink
(2001) studied how users search for “images”, and Diaz (2009) explored the search
behaviour in the “news” context. Our work can be extended to incorporate general
searches per each vertical, to be further compared against vertical re-finding tasks.
As another avenue for continuing this exploration across verticals is to incorporate
topic-based features. In our vertical predictions, we mainly focused on behavioural
features as they are also potentially reflective of search difficulties, which was one of
the aim of our vertical explorations. Considering the content of the search together
with behavioral features can improve the accuracy of vertical predictions.
Investigating task difficulty across verticals, we identified that indications of sat-
isfaction or difficulty in the general web context are not necessarily the same for the
re-finding context and depending on the type of the vertical document, they might be
different. Particular difficulty indications for the re-finding context and also specific
to each vertical can be investigated in future work.
We proposed narrowing the search results to a particular domain for re-finding,
as an application of vertical predictions. However, from the perspective of users, the
usability of such approach requires further user-based experiments. This requirement
is due to the change blindness fact, where changing the ranks of documents in an
unexpected way might make re-finding more difficult (Capra, 2006; Teevan, 2006). In
future work, by conducting user experiments, the effectiveness of predictive models
on improving the experience of users can be examined when changing search results
to be more representative of a particular vertical.
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8.2.4 Other Explorations
In this section, we proposed other related lines of research where re-finding can be
explored.
Re-finding That Wasn’t Found
The problem of users re-finding information that they previously encountered can be
examined without using a search engine. There are situations where users encounter
information through other means such as browsing the web or social networks. Re-
finding is normally studied through analysis of query logs, but this is not possible
for this novel and challenging research topic. Although in our query log analysis we
initially explored history-independent identification of re-finding tasks, the ways users
re-find in a broader scope requires conducting a series of controlled experiments, which
simulate re-finding across a range of media and conditions. The identification of such
re-finding tasks and user behaviour has implications for search engines to provide
adaptive services based on tasks being undertaken and assist user re-finding.
Cognitive Investigation of Re-finding
There is a research line on studying the cognitive aspect of search tasks (e.g. a study
by Kato et al. (2014)), and investigating recognition and memory recall abilities of
people in the re-finding news documents a fortnight later (Ochiai et al., 2014). This
cognitive line of research can be further explored in studying re-finding behaviour
and query reformulations in a broader range of search intents and diverse time gaps
between searches of the user. Examples of cognitive concepts that can be explored
for re-finding are false memory (Roediger III and McDermott, 1996), when people
remember differently from a true event.1 Further explorations in cognitive studies can
be helpful in identifying common mistakes that people make in re-finding information.
1There are initial studies on incorporating false memory to generate realistic topics for known-
item search context (Hauff et al., 2012), which can be further explored.
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Characteristic-based Evaluation
In previous sections, we discussed about potential improvements in terms of re-finding
services. Here, we focus on the evaluation of re-finding systems. Particularly we
will propose one potential application of reviewed characteristics in Chapter 2, which
can be further explored to be used for facilitating evaluations and comparing search
systems. Here, as the focus is on the characteristics of tasks rather than the tasks
themselves, we referred to this type of evaluation as characteristic-based evaluation.
From the reviewed characteristics in this thesis, it can be seen that there are fea-
tures with either similar or different effects in differentiating re-finding tasks. Priori-
tizing and organizing characteristics under a reference model can facilitate the design
of evaluation experiments in terms of the importance of characteristics. In building
such a reference model, following key points need to be further explored:
• The key characteristics that are influential in a search task
• Inter-dependencies between characteristics
• The importance of characteristics in affecting retrieval results
Based on this characteristic reference model, similar tasks can be either created
from scratch, or selected from the recorded tasks in current studies where characteristic
details are available. Search systems can then be compared in relation to similar tasks.
The advantage of using this model is not only limited to enriching the comparability
of personal search systems, and the generalizability of comparison results, but it can
also lead to a complementary evaluation approach, where assessing the effect of one
characteristic on the performance of search systems is important.

Appendix
179

Appendix A
Description of Reviewed Task
Characteristics
In the following sections, first singular characteristics and then collective factors will
be discussed. The order of describing features is based on their relatedness to each
other. Most of the studies discussed in the following sections are related to re-finding;
however, some studies from the general search context are added in the case that
the feature has not been fully explored in the re-finding context, or to indicate the
importance of the feature in other search applications.
A.1 Singular Characteristics
Singular features are described in this section. These features have been used mainly
on their own to differentiate search tasks.
A.1.1 Information Granularity
One of the main features in identifying re-finding task types is the granularity of the
target information, suggested by Elsweiler and Ruthven (2007). From tasks captured
in a diary study on searching for email messages and web pages, Elsweiler and Ruthven
proposed three main types of re-finding tasks: lookup, item, and multi-item. In lookup
tasks, people are looking for a specific piece of information; in item tasks, the whole
document is needed; and in multi-item tasks, more than one document is required to
satisfy the search need.
The information granularity characteristic and the related task types have been
used in other studies of the personal search context. In a study on email re-finding
behaviour (Elsweiler et al., 2011a), the difficulty of search tasks was investigated by
considering the proposed task types. Other examples of using these task types include
the evaluation of semantic desktop tools (Franz et al., 2008), exploring memory in re-
finding (Elsweiler, 2007; Elsweiler et al., 2008, 2009), improving simulated queries for
evaluation through controlled user studies (Elsweiler et al., 2011d), and studying web
re-finding tools (Mayer, 2009). This granularity characteristic enables researchers to
analyse the user’s search behaviour and the performance of search systems with refer-
ence to the task types (Elsweiler and Ruthven, 2007). Furthermore, more information
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about re-finding tasks has been discovered under these task types. For example in the
study by Elsweiler and Ruthven (2007), most captured re-finding tasks are lookup and
item rather than multi-item tasks. However, no particular difference was discovered
in terms of the difficulty of tasks under these types (Elsweiler et al., 2011a). Factors
in identifying the difficulty of re-finding tasks will be discussed in the next section.
A.1.2 Task Difficulty
The difficulty of a task, also known as task complexity, has been considered exten-
sively in general finding and re-finding studies. In the general search context, this
characteristic has been defined in terms of different factors, and consequently various
types of tasks have been proposed (Bell and Ruthven, 2004; Bystro¨m and Ja¨rvelin,
1995; Campbell, 1988). As an example, Bystro¨m and Ja¨rvelin (1995) proposed five
types of tasks in different task difficulty levels measured in relation to a prior deter-
minability of the task. A prior determinability indicates how much uncertainty exists
about: what information is needed (input), how to find the information (process), and
how to recognize the information (output).
However, in the re-finding context, task difficulty can be identified in a different
way. For example, it has been argued that recognizing the target information could be
easier for re-finding rather than general finding, as the information has been seen before
(Jones and Bruce, 2007). The difficulty characteristic has been investigated in several
re-finding studies (Capra and Pe´rez-Quin˜ones, 2006; Elsweiler et al., 2011a,d; Elsweiler
and Ruthven, 2007). As an example, Capra (2006) identified task difficulty in terms of
the user’s familiarity with the search task and topic. Through the task difficulty level,
tasks were grouped into three types: easy, medium and difficult. This way of grouping
tasks has been considered in other studies in different levels of difficulty from very
easy to very hard (five versus three levels) (Elsweiler and Ruthven, 2007; Elsweiler et
al., 2011a).
With a focus on evaluating search systems, the effect of task difficulty on searching
behaviour has been demonstrated by Bell and Ruthven (2004). They highlighted task
difficulty as a factor in designing and analysing the user evaluations, to assess if search
tasks are designed appropriately for user evaluations (Bell and Ruthven, 2004). This
indicates the importance of considering the difficulty of a task for our purpose in
evaluating re-finding systems. Moreover, although there was no evidence of particular
difference between re-finding task types in terms of task difficulty (Elsweiler et al.,
2011a; Liu et al., 2010) highlighted the role of general search task types in predicting
task difficulty, which needs to be further explored in the re-finding context.
A.1.3 Task and Topic Familiarity
In defining the difficulty characteristic, two aspects of the familiarity with the search
task and topic have been mentioned. Here, we explain more about the usage of these
two characteristics, as they have been studied independently from task difficulty as
well.
Task familiarity has been defined in terms of having knowledge about the place
where the target information is located (Capra and Pe´rez-Quin˜ones, 2005; Elsweiler et
al., 2011b), whereas the familiarity with topic, also referred to as domain knowledge,
indicates the searcher’s level of expertise in the search topic (Capra, 2006). These
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characteristics are not particular to re-finding and they have been studied in the
general search context as well. For example, topic familiarity has been studied in
affecting task steps and search behaviour (e.g. research by Kelly and Cool (2002);
Shiri and Revie (2003); Wildemuth (2004)). Different levels of familiarity have been
studied for the topic aspect, an example of five-level familiarity is the work by Kelly
and Cool (2002), and for the task point of view Capra (2006) studied familiarity on a
scale.
Regarding task familiarity, it has been argued that there is a difference between
knowing about where the target information is located and how to actually get to the
information, and task familiarity can be studied from both viewpoints (Capra, 2006).
This familiarity has also been identified in relation to knowledge about: the informa-
tion source to be searched (Elsweiler et al., 2011a), or other people who are involved
in the same task (Carmel et al., 2009), which indicates the multi-dimensionality of
the characteristic and its importance in potential impacts on the retrieval process.
Task familiarity is also related to the frequency of a task (Kim and Soergel, 2005)
and has been highlighted in studying re-finding (Capra, 2006) for tasks that happen
repetitively.
A.1.4 Access Frequency
Due to the repeat nature of re-finding, one of the characteristics considered extensively
in re-finding and PIM studies is the access frequency. This characteristic has been
defined either with a focus on the target information (namely, how often the target
information has been accessed); or with regard to the frequency of performing the task
itself (Blanc-Brude and Scapin, 2007; Capra, 2006; Capra and Pe´rez-Quin˜ones, 2005;
Chen et al., 2010; Dumais et al., 2003; Elsweiler et al., 2011b,d; Jones and Bruce,
2007; McKenzie and Cockburn, 2001; Teevan et al., 2007; Tyler and Teevan, 2010).
Based on this characteristic, tasks have been grouped in various ways: one example
is three main categories, which are high (“once per week or more”), medium (“less
than high but at least once per month”), and low (“less often than once per month,
or never”) (Capra, 2006; Capra and Pe´rez-Quin˜ones, 2005). In some studies, another
grouping of tasks has been taken into account as well, which includes two main groups
of frequent (e.g. “daily or weekly”) and infrequent (e.g. “less often than daily or
weekly”) (Capra, 2006; Elsweiler et al., 2011d). In the different groupings, the common
point is the usage of the frequency characteristic in studying tasks. This characteristic
is not limited to the re-finding context, and it has also been studied in proposing
general search task frameworks, such as in studies by Kim and Soergel (2005); Li
(2008) showing the importance of this characteristic in characterizing a search task.
As another example, Capra (2006) investigated the frequency of tasks in affecting
re-finding, where low frequencies can convert the re-finding task to a general finding
task, whereas in high frequencies users could have shortcuts to access to the target
information, which further can affect other factors including task completion time and
number of search steps.
A.1.5 Access Recency
Similar to access frequency, another characteristic important for the re-finding context
is the recency of a task, which indicates how recently the target information has been
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accessed (Blanc-Brude and Scapin, 2007; Jones and Bruce, 2007; Kelly and Jones,
2011; Teevan, 2008). This characteristic has also been studied under the title of task
temperature (Elsweiler et al., 2008, 2011d; Elsweiler and Ruthven, 2007), or the elapsed
time from the previous access (Capra, 2006; Capra and Pe´rez-Quin˜ones, 2006; Capra,
2008). Based on this characteristic, re-finding tasks are categorized under three main
types as hot (less than a day or a week), warm (less than a month) and cold (less
than a year or more than a year) (Elsweiler et al., 2008, 2011d; Elsweiler and Ruthven,
2007). From the recorded tasks in a diary study by Elsweiler and Ruthven (2007),
most of the tasks were grouped under the hot task type. They related the frequency
of hot tasks to the fact that people remember more recent events rather than earlier
ones. Moreover, people perceive different difficulty levels, or even use different search
strategies for each type of task (Elsweiler and Ruthven, 2007). In other words, the
time between original access and re-access can affect the task difficulty perceived by
users (Elsweiler and Ruthven, 2007).
A.1.6 Goal of the User
The goal of the user is one of the main characteristics used in grouping general search
tasks; however, this characteristic has not been studied widely in the re-finding con-
text. Section 2.3.2 has already explained the user’s search goal in more detail, which
can be explored in the re-finding context.
A.1.7 Task Similarity
The last characteristic in the singular section is task similarity. Under this charac-
teristic, new types of re-finding are introduced. Up to now, re-finding was identified
in finding information that has been seen previously. However, Capra and Pe´rez-
Quin˜ones (2003) define new types of re-finding based on the similarity of original
access to re-access, in terms of the information item to be found and the way to get
to that information. Based on this similarity characteristic, four re-finding types were
proposed: exactly the same, on the same path, subset, and moved (Capra, 2006). The
description of these features have been mentioned in Section 2.3.1. This characteris-
tic and the related task types have been used in other studies. One example is the
study on comparing different ways of finding and re-finding by Pu and Jiang (2011).
Furthermore, this concept can be further explored in other aspects; for example, the
similarity in search rather than browsing, similar to the work done by Teevan et al.
(2007).
As this similarity characteristic can be important in enabling fair comparison based
on tasks, we further explore this characteristic in other research areas. In a study in
information systems by Rajendran (2008), a task is defined in a set of attribute-value
pairs; where attributes are the features of the task, and values are representative for
the preferences of users in performing the task. Based on this definition, Rajendran
identified the ideal similarity of two tasks where the attribute-value pairs of tasks
match with each other. Besides, context similarity has been studied to find out the
past context similar to the current context to acquire knowledge from the past to
improve the current re-use (Zhu et al., 2007). Corresponding to similarity, the concept
of task relatedness has been introduced in multi-task learning application; where, given
a main task and an extra task, the tasks are related, if learning on the main task can be
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generalized better when considering learning on the extra task (Caruana). Moreover,
in human computer studies, the temporal and structural aspects of tasks have been
discussed for the task similarity to design re-usable user interfaces (Kim and Yoon,
2005). The studies mentioned in this section indicate the multi-dimensionality of the
similarity characteristic that must be considered in evaluating search systems based
on the tasks.
A.2 Collective Characteristics
In this section, other characteristics in affecting the retrieval process are summarized
under a set of super concepts, which aggregate a set of related characteristics influential
in the search task. In comparison with singular characteristics, these characteristics
have been used less for grouping tasks, and mostly they are related to conditions that
affect the search task.
A.2.1 Search Solution
One concept, which was pointed out when defining the familiarity characteristic, is
how the user gets to the target information (Bruce et al., 2004; Capra and Pe´rez-
Quin˜ones, 2003); we refer to this as the search solution. This concept reflects the
user’s search behaviour, and it has been considered in many re-finding and general
finding studies, which are discussed in this section. In identifying characteristics under
this concept, the features of the search tool and the information source to be searched
are included as they have impact on the retrieval process.
Generally, three main search techniques (also called access methods) have been
summarized as browse, search and scan (Elsweiler et al., 2011c). The difference be-
tween browsing and scanning has been related to the size of the source space to be
searched; browsing is related to large spaces, and scanning is related to small spaces
(Elsweiler et al., 2011c). In another study, searching and browsing have been com-
bined, and through this combination, search techniques are grouped into two main
categories as top-down and bottom-up (Resnick and Vaughan, 2006). In top-down
search techniques, users start with general keywords, and then narrow down the search
by specific keywords from the search results; whereas, in bottom-up techniques, first
specific keywords are submitted and then they will be expanded until the number
of results is satisfactory. A set of studies in finding and re-finding highlighted that
some users prefer browsing to searching (Barreau and Nardi, 1995; Bergman et al.,
2008b; Teevan et al., 2004). However, other studies showed search being preferred to
browsing facilities (Boardman and Sasse, 2004; Jones et al., 2003), which indicates
that users use different search techniques in different situations.
Particular to re-finding information in PIM, three main techniques were sum-
marised by Deng and Feng (2011), as browse-based, content-based, and context-based
search. Two new categories of content and context-based search have been introduced
here. Content-based search considers the document’s metadata and structure in re-
finding information, as well as document keywords. Context-based search, on the
other hand, is based on the idea that users sometimes cannot remember the details
of the document content, but instead they can recall some relevant contexts. These
contextual cues are factors associated with the target information, such as whether it
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involved people or events (Deng and Feng, 2011). Searching based on these contextual
cues is also referred to as associative retrieval (Chau et al., 2008), where search queries
are constructed in multiple levels through contextual cues. These contextual-based
search techniques could be particularly useful for the re-finding context, as it emulates
the associative memory in the original access (Chau et al., 2008). Contextual cues
will be further discussed under the context collective in Section A.2.2 . In a similar
line of studies, associative browsing has been studied in the semantic desktop search
area as a complementary approach to searching (Kim et al., 2010).
Highlighting the repeat search behaviour in re-finding, it has been observed that
users start at the same point that they started in the original finding, and end at the
point where they completed the search task in their previous finding (Capra, 2006).
Related to this search repetition, Teevan et al. (2007) explored the commonalities in
search behaviours in terms of a) repeat clicked results and b) repeat keywords in the
submitted query. Based on this repeat search behaviour, four re-finding types were
identified: overlapping-click (common clicked results); equal-click (the same clicked
results); equal-query (the same query but clicking disjoint results); and navigational
(for navigating to specific information, the combination of equal-click and equal-query)
(Teevan et al., 2007). We use these categories as a starting point for analysing char-
acteristics of a query log in Chapter 4.
In studying re-finding search behaviour with regard to query characteristics, two
main factors of the length and content have been studied, whether the query contains
named entities and what information fields were submitted (Elsweiler et al., 2011b,d;
Tyler and Teevan, 2010). Furthermore, it has been reported that query search be-
haviour could be different from the search session point of view (Tyler and Teevan,
2010); for example, re-finding queries happening in one session (intra-session) are more
likely to be longer than those queries occurring between sessions (inter-sessions).
Some re-finding search behaviours have been studied in the matter of employed
search tools. Examples of studying re-finding tools for desktop search include Stuff
I’ve seen (Dumais et al., 2003), and Phlat (Cutrell et al., 2006). For PIM tools
include Haystack (Adar et al., 1999), and Taskvista (Bellotti and Thornton, 2006).
Some tools integrate information sources (Thomas and Hawking, 2010; Zerr et al.,
2010), and provide users with a single interface, which is called meta-search, also
known as distributed or federated search (Thomas and Hawking, 2010). Search tools
can be characterized by indexing model, supporting data types, and search interface
(Thomas, 2008). The characteristics of each tool can affect the user’s search behaviour.
For example, regarding the search tool’s interface, a set of features investigated in
affecting search behaviour including filing, sorting, filtering, and tagging (Cutrell et
al., 2006; Dumais et al., 2003; Elsweiler et al., 2011b; Gomes et al., 2010b; Murakami,
2010; Tyler and Teevan, 2010).
There are many other factors that can affect search technique. Some of these fac-
tors are related to user characteristics that will be explained under the user collective
in Section A.2.3. For example, the way experienced users behave is different from
novice users (Aula et al., 2005). Some other factors come from singular characteris-
tics. As an example, user’s search techniques in the case of difficult tasks could be
different from easy tasks (Aula et al., 2010). Other factors can be associated with
the search tool; for example the way of representing results can affect how to get to
information (Elsweiler et al., 2011b; Tyler and Teevan, 2010).
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Describing some of the characteristics in user’s search behaviour and search tool
features in this section are to highlight different influential factors in the search task
process (from start to end). They should be controlled when evaluating search tools
to enable fair comparison. Moreover, these types of behavioural factors and tool
features have been employed previously in proposing web task types (Byrne et al.,
1999; Morrison et al., 2001), which can be potentially used for identifying types of
re-finding tasks as well.
A.2.2 Context
In the previous section, one of the particular re-finding approaches has been men-
tioned as the context-based search, where contextual characteristics are considered in
retrieving information. In this section, we discuss these contextual characteristics in
more detail.
The information implicit at the time of conducting search tasks can be referred to
as the search context (Ingwersen, 2005). Context characteristics have been studied in
different search applications, from enterprise and web to desktop search (Belkin and
Cool, 2005; Costache et al., 2010; Hawking et al., 2005; Ingwersen and Ja¨rvelin, 2006).
The notion of context in a desktop search study by Costache et al. (2010) is defined
as a set of related “people, ideas, tools and resources” involved in solving search tasks.
An example of task context in relation to the involved resources is the similarity
of target information to other information items, either in content or adjacent in time
or location (e.g. documents that were opened or stored together) (Chen et al., 2010;
Costache et al., 2010; Elsweiler et al., 2011b; Shah et al., 2007). This relation can lead
to search through similarities (Chen et al., 2010), and considering features of similar
items (Cleary, 2008). Some other studies correlate information items for some further
functions such as reminder (Costache et al., 2010), and work-resumption (Prante et
al.).
Work resumption highlights the task state where the user previously left the target
information, which is referred to as the temporal context by Bergman et al. (2008a).
This interaction of a user with the target information during the last access time can
be interpreted as the user’s engagement level with the information item (Bergman et
al., 2008a; Blanc-Brude and Scapin, 2007); or the importance of target information to
the user, for example in terms of reading time (Costache et al., 2010).
Moreover, regarding the involved people in the task context, Bergman et al. (2008a)
introduced a social context ; for example in some collaborative work on the same
information item (Bergman et al., 2008a; Carmel et al., 2009). The visualization of
these relations between people, subjects and information items has been discussed by
Gomes et al. (2010a), which can indicate the importance of different types of context
characteristics.
From the memory and remembering viewpoint, the types of context that are best
remembered by searchers have been discussed in a study by Kelly et al. (2008). In
this study, the context refers to the characteristics of personal experience in using or
creating documents and information items. This includes location, date, time, weather,
source of document (referred to as tools involved in using documents, e.g. Firefox
or Microsoft Word), and surrounding event types (Kelly et al., 2008). It has been
highlighted that over a long time, people remember the context associated with the
document better than the content and actual keywords of the document; and therefore
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incorporating search context can improve the performance of the retrieval systems in
re-finding documents (Kelly et al., 2008). In this study, various query types were built
in order to assess the usability of different context types, and overall it was found that
the source of document, surrounding events and time were context types that were
well-remembered. Other examples of studies in investigating the remembered context
and associated events with the search tasks include Blanc-Brude and Scapin (2007);
Chen et al. (2010); Dumais et al. (2003); Elsweiler (2007); Elsweiler et al. (2008);
Murakami (2010). These studies are mostly related to the cognitive aspect of re-
finding.
A.2.3 User
Many characteristics in characterizing or affecting re-finding tasks are related to the
user. An important characteristics pointed out in the previous section is the memory of
the user (Chen et al., 2010; Elsweiler, 2007; Elsweiler et al., 2008). This characteristic
can be explored in different aspects, from the natural ability of user, to the memory
of the user in relation to the type of information, or type of task. In a study on
exploring memory in email re-finding (Elsweiler et al., 2008), three types of user were
discussed in respect to email organization: frequent filers (clean their folders daily),
spring-cleaners (clean their files periodically) and no-filers (no make use of folders).
They found that no-filers remember email attributes (such as sender, topic, and so on)
the most, and filers remember the least. This suggests that individual factors such
as user’s way of organizing information can be considered in re-finding characteristics
(Elsweiler et al., 2011d).
As personal information is distributed across different sources, users can be char-
acterized differently according to the information source to be searched. For example,
interests and preferences of users in social networks can be predicted from their ac-
tivities or familiarities with other people in the same network (Carmel et al., 2009),
while in email collections, individuals’ interests can be inferred from analyzing textual
features of email messages (Eve´quoz and Lalanne, 2009).
Furthermore, the experience of users has been highlighted in many studies as a
factor that affects search behaviour e.g. (Aula et al., 2005; Elsweiler et al., 2008,
2011d). For example, in an email re-finding study by Elsweiler et al. (2011d), it was
found that experienced users tend to construct queries on the subject field rather than
the sender, which is less likely for low-experienced users.
A.2.4 Information
Apart from the granularity of information, there are other general characteristics in
relation to the information that can be considered in affecting the re-finding task
process, which are discussed in this section.
Various types of information are involved in the re-finding context, from unstruc-
tured to structured ones. Each of these information types has different characteristics
and different levels of metadata (Blanc-Brude and Scapin, 2007; Chau et al., 2008;
Chen et al., 2010; Cutrell et al., 2006; Dumais et al., 2003; Elsweiler et al., 2011b;
Whittaker, 2011). Furthermore, age (Blanc-Brude and Scapin, 2007; Elsweiler et al.,
2011b), and organization (Barreau and Nardi, 1995; Costache et al., 2010; Elsweiler et
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al., 2008, 2011d; Whittaker, 2011) are the other two characteristics studied in relation
to the information to be found.
In this context, a common point related to all kinds of information targets is a
personal characteristic. In other words, the information is related to a person or
experienced by them (Elsweiler et al., 2011d). This characteristic can bring either
limitations or advantages. As an example of limitations, restricted access for search
engines to index documents has been highlighted (Thomas, 2008). Whereas the fact
that the same person who creates or organizes the information, is the one who retrieves
it later, has been mentioned as a feature that search systems should take advantage
of (Bergman et al., 2008a). From this description, some characteristics can be identi-
fied for target information, such as the level of access/privacy. Therefore, this could
be investigated if re-finding techniques should be different for one information item
that can be experienced by many individuals in comparison with information item
that is purely personal.
There are characteristics that are meaningful for a specific type of information
target and information source. For example in a dynamic environment like the web,
the location or even the content of an information target that has been experienced
before, can change (Teevan et al., 2004). We call this characteristic the stability level
of the information target, which results in identifying two other characteristics. One
characteristic is information accessibility in terms of location change (if the location of
information target is changed, how accessible is it?); the other is information reliability
in terms of content change (if the content of information target is changed and led
to multiple versions of that information, which version would be more reliable and
demanding, the one that has been seen before or the updated version?) (Teevan et
al., 2004).
Moreover, it has been found that previously accessed information targets are often
re-found from different resources (Capra, 2006; Teevan et al., 2004). This fact can add
a new characteristic associated with information targets, whether they are replicable,
and therefore can be accessed in different ways. Furthermore, semantic representation
of information (Kim et al., 2010) to be used for associative browsing (discussed in
Section A.2.1). The ability to visualize information (Chen et al., 2010) are other
characteristics studied in relation to the information target.
Many of the characteristics in this section have been introduced in relation to the
target information; however, studying the effect of these characteristics on re-finding
could be further investigated.
A.2.5 Information Collection
Some of the characteristics that can affect the retrieval process are not related to the
information directly, but are related to the source of the information and the collection
to which the target information belongs. Under information collection, the following
major characteristics have been discussed in related re-finding studies.
The age (Elsweiler et al., 2008, 2011d), usage (Ducheneaut and Bellotti, 2001;
Elsweiler et al., 2011b; Whittaker et al., 2006), and size (Elsweiler et al., 2011d,c) of the
information collection are three characteristics studied in affecting re-finding. As an
instance, in a study on email re-finding by Elsweiler et al. (2008), the three mentioned
factors have been highlighted in affecting what and how much people remember about
the target information; for example, researchers as a group of users make use of their
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emails for social purposes related to others rather than just for personal use, therefore
they remember some attributes like “other recipients” more often than other groups
of users as reported in that study.
Appendix B
Examples of Findings from
Interviewing Enterprise Users
The examples of main findings from one-on-one interviews on studying enterprise users
for better understanding of re-finding tasks and search difficulties are summarized in
Table B.1.
Table B.1: Main findings from interviewing enterprise users categorized by
the main questions in Section 3.2.2.
Frequent search tasks
- Participant 1: a) Locating something that the user knows that it exists (1-10 times
per day); b) Checking if some information exists (mostly related to creating Jira issues)
- Participant 2: Four groups in terms of type of information to be found: a) Jira
tickets, b) People information, c) Internal documents (including technical, product,
and consultation documents), and d) Support tickets.
- Participant 3: a) Contact details (no need to go to the contact list page, as there is
a query completion feature in the organization search tool, which completes the name
and provides the details in the drop-down box on your search box itself), b) Tender
responses (matching the question with one of our standard responses, such as customer
referees, standards for environmental impact, or quality insurance processes).
- Participant 4: a) Peoples’ contact details, b) Searching for information on the orga-
nization functionalities (particular features/ topic), presentations that colleagues have
done on a particular topic. c) Sometimes to respond to a client request. d)“Generally
search for information that I do not currently have that information, to put it in a
document for a proposal, an email or a presentation.”
-Participant 5: a) The organization configuration options (specific request, make sure
no one else has done the task, to complete the task), b) Support tickets in Jira, c)
General product and services documentation on confluence.
Critical/important search tasks
- Participant 1: Issue tracker search
- Participant 2: This participant defines the importance of task in the sense of how
much accessing to the information is necessary to carry out the task. (Example:
“without such information, I would not be able to set up something and carry out the
task”)
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- Participant 3: Here the participant defines the importance in terms of how critical
the task is for his role: “When I responding to tenders, if I cannot get the best answers
to a particular question and cannot find it using the search, or it takes longer time to
respond to the tenders, then we risk actually losing those tenders, and that can affect
on the revenue of the company.” - Participant 4: Part of the importance of having
an effective and efficient search tool can be related to saving time, and not re-creating
the document if we could not find it, and not losing the revenue of the company.
- Participant 5: Gathering information on a particular topic “What I found difficult is
to gather information that I can use in a sales sense on a particular topic, sometimes
there would be very technical information that they are not very helpful for the client
focusing on the sales side”.
- This participant also related the importance of the task to the difficulty of task, or it
could be due to the importance of the task to his role that he mentioned this difficulty
in preparing the appropriate information.
- Participant 6: This user related the importance of the search task to the information
to be retrieved: confluence documentation, Jira documentations, and Jira tickets.
Known versus Unknown information search
Participant 1:
- Unknown searches rarely happen.
- Asking others is a solution for these situations.
- Two major cases: customer background information, or specific component of tech-
nology used in the organization.
Participant 2:
- Two major scenarios for unknown information searches: a) “support tickets come,
and I do not have any idea about what they are about”, b)“encountering and unknown
error”
Participant 3:
- Regarding the known search tasks, it seems that the participant cannot distinguish
between the situations when the information has been experienced by searcher himself,
or he has been informed about that information.
- In terms of search frequency, among the known tasks: in 70 percent of searches,
the information has been seen before, and the other 30 percent is related to contact
details, or things that the searcher has heard about them. Unknown cases are rare.
Participant 4:
“Generally search for information that I do not currently have that information, to
put it in a document for a proposal, an email or a presentation. Once I found that
information, it is always going to be kept in that document that I created for that
proposal, and I usually refer back to the content that I have created, rather than to
search to locate where I found that information”.
- “Most of my searches go to the unknown (80%). I do not necessarily know whether
the information exists, whether it has been created. I am looking for information on
a particular topic, and I do not know about particular document or particular file.”
- “In the cases that I could not find the answer for unknown cases, I will search
different collections, and navigate around. Sometimes contextual navigation can be
quite handy in this case, but if I cannot find the information, I will ask by phone.”
- In this case having others search history could be helpful.
- It seems that in unknown case, it works well for this type of users.
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It could be because the user does not have any idea even if the information exists:
“I had no idea that information actually exists, but the organization retrieved that
information incredibly successful”.
- “I do not often know which source the information is going to reside in when I search
for something, being able to search on multiple sources is handy.”
Participant 5:
- Known (75%), Unknown (25%)
Participant 6:
- Known (80%), Unknown(20%)
- Regarding having problem in retrieving known cases: “when I started I had prob-
lem in remembering information and I asked others for help, but not recently”. In
these cases, it would be helpful especially for new staff, to recommend from previous
interactions, when those expert people are not around.
Search difficulties
- Participant 1: “Target information is not in the first results, or in the first page,
and in this case, there is a need to reformulate queries, this could be due to indexing
a lot of different sources, and the fact that information used differently by people.”
- Participant 2: In a couple of situations, the participant could not find the related
information, since the keywords are not related, or they are related to the target doc-
ument; however, they are not the exact keywords (Example: “search by the keyword
decommissioning, while the word in the document is decommission”)
- Participant 3: Searching for an old logo image file, as the system does not index
image files. It was not related to the age of the image; the problem was that it was
not shown up in the list of results.
- Participant 4: “E-mail results cause me the most pain. Generally I did not find
e-mail results relevant to what I am looking for.”
- Participant 5: In finding “contract details”, and when the required history infor-
mation is related to one year ago.
- Participant 6: Few cases: when the information does not exist, because it is a new
bug, or they have not been raised before. “The only time that I could not find the
ticket that has been raised previously and I created the ticket again, was at the start
of my experience, when I did not know the correct terminology”.
Search type frequencies in terms of information size
The percentage or the priority of frequent search tasks in terms of the size of target
information to be found:
Participant 1:
50 percent: one-item (one document), 30 percent: lookup (piece of information e.g.
contact details), and 20 percent: multi-item (all information on a particular topic)
Participant 2:
1- one-item, 2- multi-item, 3- lookup
Participant 3:
1- one-item, 2- lookup, 3- multi-item
Participant 4:
1- lookup, 2- one-item, 3- multi-item
Suggestions
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- Participant 1: “Ranking profiles to be able to have a different ranking per usage:
Research and Development type queries (Up weight JIRA, Confluence, Mediawiki),
Products and Services type queries (Up weight Salesforce, JIRA, documentation),
etc.”
- Participant 2: It would be interesting to track how people use the search tool, what
the top queries are on a daily, weekly, monthly or even yearly basis. How often they
click on facets, how often they click on contextual navigations, and so on.
- Participant 3: Rather than faceted search that I can select a collection, a facility is
required to exclude the collection
- Participant 4: Downweighting email resources in search results: “I do not think that
they are useful”.
- Participant 5: “What sort of clients in the search is going to be run on? On iPad,
iPhone, desktop?” Based on the devise and user clients such as the browser, different
settings can be provided.
The examples corresponding to explorations that were described in Section 3.2.2
are summarized in Table B.2.
Table B.2: Other task examples, search conditions, and system improvements
gathered from participants in one-on-one interviews.
Work-resumption
- Participant 1: “I sometimes had to put aside and resume a search task. The difficult
part is to remember which queries I already ran and that were unsuccessful. I also
don’t remember which results I already checked previously and tend to re-check them
again (Maybe improving the result snippets would help in that regard?)” Offering the
history of past queries even in the last hour can be helpful.
- Participant 2: “Mostly limited to one document, and not many documents involved,
so easy to resume the work.”
- Participant 3: This participant mentioned that he would manage it by book marking,
but having the search history, or create a short list of search results to come back, can
be helpful. - Participant 4: Built in the search tool: “having a history of my searches,
like a basket of which search results, it would be better than the book marking. ”
- Participant 5: No such a search need: “my search needs are generally quick. It
would be rare to come back and resume the search”.
- Participant 6: No such a search need
Multi-item tasks
- Participant 1: The previous major case in gathering information can be seen as a
multi-item task, where multiple items are needed to be retrieved. E.g: “Yesterday
someone was approaching a problem, the problem was known to organization, to be
deal with by R&D team, while they are on holidays now. So I just entered the customer
name in search internal, and I was looking for Jira tickets of that customer, for emails
related to that customer, and confluence pages related to that customer, and usually
a way to represent information, something by date”
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- Participant 2: This participant mentioned that actually most of the tasks are either
looking for “specific information” or “one document”. Searching for “multiple docu-
ments” happens rarely. However, from the participant’s answers in other questions,
it seems that in some cases, there is a need to find all the related documents to a
keyword (for example searching for any information on a subject of a ticket issue, or
searching for any documents including a ticket number: one issue raises another bug,
or it has been referred to in other issues’ comments).
- Participant 3: Finding the history of a particular project (it is infrequent task)
Search customizations
- Participant 1: Having five recent queries that the user has recently submitted.
- Participant 2: Excluding specific facet, and having a default search based on my
preferences. Some general defaults or particularly personalization would help me to
narrow down my search (my own little dashboard).
Collaborative search task
- Participant 1: One example is for mentoring new employees to search for some
information together: this can be further explored for complex tasks.
- Participant 2: For complex search tasks, it can be applicable; however, it is rare and
the user prefers to ask by phone.
- Participant 3: Hardcoding completions, such as contact details that the requested
information appears in the search box, can be explored further. - Participant 4: “It
can be applied for all of the commonly accessed documents (pops up direct link to
leave form), and use that to avoid people to see the search results and it saves time
(direct to the right version). It is almost like how coding results, but if we do that for
commonly accessed documents, it could be useful.”
- Participants 5 and 6: No such a search need
Interaction-based summarization
Besides snippets with topical related summarizations of documents, can we think of
other types of summarizations for example in terms of user’s interaction. Example:
always this section of document is on the user’s attention.
Replication of documents for accessibility
In some cases organizational documents are replicated to be searched later (Example:
“Whenever I do not access to intranet, I will copy the content from confluence or
wherever that the information is located , and I search it on the local machine”)
Difference between enterprise and the web search
“I mostly search for information that I have already viewed in the enterprise context,
while for the web, I am looking for information that I have not seen before.”
Search strategy
In the case that you cannot find the answer in the first result page, do you refine your
query, or do you prefer to browse to the next pages?
- Participant 1: I prefer to go to the next page results rather than refining the query.
- Participant 2: Refining query rather than go to the next pages: “It is usually rare
to go to the next pages, I will try to use the faceted search or contextual navigation
to refine my query”.
- Participant 3: Using a similar strategy every time that I search.
- Participant 4: Change of search strategy in different situations: “In urgent sit-
uations, I rely on search engine to provide good titles for documents, as I scan the
titles”.
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- Participant 5: Normally go to the second page, before refining
Search locally rather than using enterprise tool
- Participant 1: Searching for emails was an example for this case. This participant
prefers to search his email client, rather than going to the internet, and search through
the enterprise search tool.
- Participant 2: “I keep some information on my personal computer, using the orga-
nization search tool could be much easier, than the windows search that I have set
up”.
- Participant 3: “I generally keep everything well-organized and I do not need to
search for them, but if it is growing, I could not remember everything that where it
is. So in future personal search would be needed over my computer”.
- Participant 4: “Mostly I stored documents on my personal computer when I need to
edit them. Confluence does not have spell checker, when I want to edit a document,
I will save and revise it on my computer, and then I upload it again”.
Search history
- Participant 1: It could be useful when the searcher does not know where the projects’
information is located. - Participant 2: The participant interpreted this feature as a
facet. Currently there are some facets in the file format, in the date; however, facets
by documents that other employees have been accessing are not considered in the
search tool (particularly from related staff members).
- Participant 3: He answered this option will be useful particularly in the case of
searching for technical information: “Using others’ search history, specially other sale
team members as well to see how they are interacting with search, queries, and results”.
- Participant 4: Filtering on search histories was highlighted by this participant.
“It could be helpful by area, e.g. if I search for technical information, other teams’
histories could be helpful, but for presentations, search history of sales team members
can be useful”.
- Participant 4: “The history of my searches would be really helpful, I searched for
the same thing multiple times, I forgot how I got to information. It does not happen
too often”.
Similarity between searches
- Participant 1: “When we have a perspective client, which we want to sell to, they
ask some questions whether the organization can be integrated with another product.
This is a type of investigative search, rather than finding a single bit of information.
Trying to understand everything that company knows about a particular topic.”
- Participant 2: “Most of my searches are predominantly similar: most of my searches
are for information about the organization search features, It is rare to search for
information on past projects or that sort of thing, and most of the time I will search
for information on features”.
- Participant 3: This user related the similarity of tasks to the relatedness of the
information items to be found whether they are under the same project, or there is
any link between them. Also he related the similarity of tasks if you need to search for
both tasks together: “I will search for a configuration parameter in the organization,
while searching for a project”.
Appendix C
Feasibility of Re-finding Feature for
Differentiation
This appendix presents an initial experiment investigating the influence of features in
task differentiation to facilitate diverse coverage and comparability of tasks, which are
two main issues in studying re-finding tasks.1
C.1 Discriminative Power of Re-finding Features
As discussed in previous chapters, studying search tasks can be categorized under two
main groups: naturalistic and simulated. This categorization is based on the employed
approach for either selection or creation of search tasks. In naturalistic investigations,
although real tasks are captured, they are specific and limited to a particular group of
users (Elsweiler and Ruthven, 2007; Dumais et al., 2003), and therefore, difficult to be
generalized and compared across different users. In simulated investigations, search
tasks are created in controlled laboratory-based settings to enable generalization (Kim
and Croft, 2009); however, it can be questioned how reliable these simulated tasks are
in terms of reflecting real search needs, and how well they cover the variety of personal
information needs. Research on re-finding is hampered by the lack of comparability
and adjustability to the diverse range of search tasks. To address these issues, the
first step is to be able to differentiate between users’ tasks.
In a study by Elsweiler and Ruthven (2007), re-finding tasks were differentiated
based on a single common underlying feature of recorded tasks in a diary study.
They used this way of grouping tasks to conduct balanced evaluation experiments to
compare search systems by examining different tasks. Thus, although re-finding tasks
are varied and dependent on users, it is possible to differentiate tasks by considering
their common underlying features without violating the privacy of users. However,
there are some questions on how comparable tasks under the same group are, and
conversely how varied the tasks under different groups are. In other words, what are
the other features that can impact on either the comparability or diversity of tasks?
This motivated us to examine the discriminative power of underlying features in
establishing the differentiation of re-finding tasks, which we refer to as the effect of
1The approval letter of our ethics application for user experiments of this appendix is presented
in Appendix E.
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features. Tasks with the same level of feature effect can be considered to be similar,
while different feature effects can indicate different tasks. Differentiating re-finding
tasks under these two groups, similar and different, can facilitate the comparability
and coverage of tasks respectively. To this aim, we conducted an initial experiment to
examine the feasibility of feature effects on differentiating tasks. The main question
explored in this appendix is: Can re-finding tasks be differentiated by search features
through the experience of users?
We conducted a user study where participants were asked to compare sets of paired
tasks based on a wide range of features. This can provide a better understanding of
feature effects in differentiating re-finding tasks.
C.2 Experimental Design
In this section, we describe the experiment design to examined how features are in-
fluential in differentiating tasks.
C.2.1 Feature Collection
Many features of tasks have been identified in the literature, for a variety of purposes.
We investigated a range of these, based on whether the feature could potentially
be influential in differentiating tasks. We note that this experiment is an initial in-
vestigation to establish the feasibility of the method, and not intended to include a
comprehensive list of all possible task features. Moreover, to limit the range of tasks
that participants had to consider, the experiment focused on email re-finding tasks, as
previous work has indicated that users frequently need to re-find e-mail messages more
than other types of information items (Elsweiler et al., 2011a). Within this setting,
we now describe the features that were considered in our main experiments.
The first feature included in our experiments was the granularity of information
to be retrieved, which has been used extensively in differentiating re-finding tasks e.g.
(Elsweiler et al., 2011a, 2008). Based on this feature, three different task types have
been recognized (Elsweiler and Ruthven, 2007): lookup task (looking for specific piece
of information), one-item task (looking for one message), and multi-item task (looking
for more than one message). Note that we refer to the information to be retrieved
as target information, which can be a fragment of a message, a single message, or
multiple email messages. Other features that have been used for task differentiation
including the elapsed time between information accesses (recency); and how often the
target information is accessed (frequency) (Elsweiler and Ruthven, 2007; Elsweiler et
al., 2011d). Moreover, in exploring the role of memory on e-mail re-finding, some
features have been found to be influential in task differences, including whether the
user remembers the search topic, sender, or received date of the target information
(Elsweiler et al., 2008). In further examination of email re-finding, message uncertainty
was defined as a feature. This is the ratio of the number of unique viewed messages
to the total number of tried messages (Elsweiler et al., 2011b), which we included in
our experiment. Furthermore, we explored whether the uniqueness of the message (in
terms of topic, or sender) can distinguish re-finding tasks.
We also considered features that have been studied in the context of establishing
differences between general (rather than re-finding) search tasks. The goal of the user
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Table C.1: Features and corresponding settings to be examined for differentiation.
Feature Description
setting
F1 Role of the user (receiver vs. sender)
F2 Access recency (week vs. month)
F3 Information repetition (single vs. duplicated)
F4 Temporal search context (urgent vs. not-urgent)
F5 Access recency (day vs. week)
F6 Sender frequency (frequent-sender vs. rare-sender)
F7 Access recency (month vs. day)
F8 Thread of target information (conversation vs. single-message)
F9 Information granularity (multi-item vs. one-item)
F10 Number of viewed messages (certainty vs. uncertainty)
F11 Remembering other recipients (remembered vs. not-remembered)
F12 Information granularity (one-item vs. lookup)
F13 Access frequency (rare vs. frequent)
F14 Information location (body vs. attachment)
F15 Remembering received date (not-remembering vs. remembering)
F16 Information granularity (lookup vs. multi-item)
F17 Search strategy (search vs. browse)
F18 Search goal (forwarding vs. collecting)
F19 Uniqueness of the topic of target information (not-unique vs. unique)
F20 Remembering search topic (not-remembered vs. remembered)
F21 Remembering sender (remembered vs. not-remembered)
is an important feature that has been extensively used in proposing different types
of general search tasks (Broder, 2002). Therefore, we evaluated this feature for task
differentiation. Search strategy, which considers how users get to target information, is
another major feature that has been considered in the context of general search. Key-
word search and browsing have been highlighted as the two main techniques (Teevan
et al., 2004), and we investigated these for their ability to differentiate tasks. We also
incorporated contextual features such as search urgency (Li, 2008; Kim and Soergel,
2005). The features discussed in this section are listed in Table C.1.
C.2.2 Asking User Perception
As one way of examining the discriminative power of task features, we hypothesize that
users, who have experienced different search conditions, can provide some evidence
about the effect of task features. To test this hypothesis, we conducted experiments
where users are asked to compare tasks which differ in one feature. Examples of
such paired tasks are given in Table C.2. These feature settings of paired tasks were
designed based on their importance in past studies.
In this experiment, participants were asked to rate the differences between each
task pair, answering the question: “To what extent do you think that the difference
between Task A and B will affect the way you search for the information described
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Table C.2: Examples of paired tasks to be compared in terms of an underlying feature
setting.
Feature Task A Task B
Target information granularity
Searching for information
WITHIN ONE particular
message
Searching for information
from MORE THAN ONE
message
Searching for ONE
particular message (e.g. to
be forwarded or replied)
Searching for information
WITHIN ONE particular
message
Searching for information
from MORE THAN ONE
message
Searching for ONE
particular message (e.g. to
be forwarded or replied)
Search strategy Searching for a particular
message when you
SEARCH BY KEYWORD
Searching for a particular
message when you
BROWSE on inbox or
folders
Remembering the sender of
target information
Searching for a particular
message when you
REMEMBER the sender of
the message
Searching for a particular
message when you do NOT
REMEMBER the sender of
the message
in the tasks?”. They were instructed to compare the difference only in terms of the
single specified feature. Responses were indicated using a 5- level ordinal scale with the
categories “Not at all”, “Slightly”, “Moderately”, “Very”, and “Extremely”. In total,
21 paired tasks were compared by each participant. The paired tasks are generated
based on feature settings listed in Table C.1.
We carried out the experiment using crowd-sourcing via the CrowdFlower 2 plat-
form. For quality control in crowd-sourcing experiments, it is common to use gold
data. Gold data are questions with known answers that a diligent participant should
be able to answer correctly, if they are paying attention and completing jobs seriously.
It has been suggested that a minimum of 5-10% of the total number of jobs should
be designed as gold data. In our experiment, we used 12.5%. An example of such
data is as follows: “Task A: Searching for an email message that you received MANY
YEARS AGO”, “Task B: Searching for an email message that you received NOW”.
In comparing the difference of these two tasks, if a participant was to answer that the
tasks are “Not at all” or “Slightly” different, then the judgments from that participant
are less likely to be trusted. Assessment continued until 25 trustable judgments were
gathered for each pair of tasks; totally 525 trusted judgments were gathered, which is
consistent with the level of user samples employed in previous studies on assessing the
effect of factors, for example by Elsweiler et al. (2011a). The order in which a pair of
tasks was presented to a user was fixed in this preliminary study.
2http://crowdflower.com/
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C.3 Feature Effects on Differentiation
C.3.1 Reliability and Bounds of Differentiation
Before analyzing gathered data, we need to examine the reliability of data. Examining
the distribution of the five possible responses for each pair of tasks, we calculated a Chi
square test to assess whether they were significantly different from a flat distribution,
which would indicate random selection by participants. The tests for each of the
paired tasks indicated that the responses were not randomly selected by participants
(p < 0.05).
Furthermore, we need to establish the significance of responses in identifying task
similarities and differences. However, there is no baseline for task differentiation to
which responses can be compared. We proposed an approach, where obvious paired
tasks were designed as bounds for highly similar or different tasks. The identified
bounds make it possible to compare the perception of users for real paired tasks with
reference to obviously similar or different bounds. Consider the case where the distri-
bution of responses for a real paired task is significantly different from an obviously
similar bounding case; from this it can be concluded that the two components in the
real paired task cannot be similar, and it is therefore likely that the underlying feature
setting of the paired task has an impact on differences between tasks. Conversely, if
the response distribution of the real paired task is significantly different from an ob-
viously different bounding case, then the paired task components cannot be different,
and the feature setting of the paired task is likely to be influential in establishing task
similarities.
Examples of bounds are: ”Searching for an email message that takes you ONE
MINUTE to find vs. Searching for an email message that takes you SIXTY SECONDS
to find” for similar tasks; and ”Searching for an email message that takes you ONE
SECOND to find vs. Searching for an email message that takes you MANY YEARS
to find” for different tasks. These bounds are similar to gold data in the point that
they are designed in an obvious way, to establish user response rates for extreme
cases. We then calculated the mean response category for all paired tasks, using the
ordinal group numbers 1-5 (corresponding to the response range from “Not at all” to
“Extremely”). The calculated mean categories are illustrated in Figure C.1. In this
figure, bounds are labelled as Bi, including three cases for obvious similarities and
three for obvious differences. As expected, these appear at the extreme ends of the
feature settings range (low and high bounds for task differences).
To compare the mean category values for the 21 real paired tasks, in addition to
the already established low and high bounds, a medium bound is required. This is
obtained by selecting three real paired tasks whose mean category value is closest to 3,
the midpoint of the response scale. Based on the mean category values in Figure C.1,
the paired tasks with these underlying feature settings of F14, F15, and F16 were
selected for the medium bound.
C.3.2 Significance of Differentiation
Through the identified main bounds in Section C.3.1, we compared other feature
settings with two bounds that they lie between, based on their mean category values.
We conducted Chi square tests to identify the significance of difference between the
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B1 B3 F2 F4 F6 F8 F10 F12 F14 F16 F18 F20 B5 B6
1
2
3
4
5
Figure C.1: Comparisons between mean categories of feature’s effect in differentiating
tasks (Bi: Bounds, Fi: Feature settings from Table C.1).
responses of each feature setting and the two surrounding bounds. In this comparison,
three states can happen: the feature setting is significantly different from a) the left
surrounding bound; b) the right surrounding bound; c) both bounds. For example,
if the feature setting lies between the low and medium bounds, the following analysis
was conducted:
• If the feature setting is significantly different from the low bound but not from
the medium bound, then we can conclude that the feature setting is at the
medium level of difference.
• If the feature setting is significantly different from the medium bound but not
from the low bound, then we can conclude that the feature setting is at the low
level of difference.
• If the feature setting is significantly different from both the low and then medium
bounds, then the feature setting is neither at the level of low, or medium, dif-
ference. The effect of this type of feature settings can be interpreted as being
moderately low.
A similar analysis can be applied for paired tasks that lie between the medium
and high bounds; pairs that are significantly different from both the medium and high
bounds can be interpreted as moderately high.
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Table C.3: Significant differences between feature settings and main bounds (Fi: Fea-
ture settings from Table C.1).
Feature Difference from Difference from Difference from Effect
setting low bound medium bound high bound level
F1 p < 0.0005 p < 0.005 - moderately low
F2 p < 0.0005 p < 0.005 - moderately low
F3 p < 0.0005 p < 0.005 - moderately low
F4 p < 0.0005 p < 0.005 - moderately low
F5 p < 0.0005 p = 0.056 - medium
F6 p < 0.0005 p = 0.081 - medium
F7 p < 0.0005 p = 0.151 - medium
F8 p < 0.0005 p = 0.567 - medium
F9 p < 0.0005 p = 0.099 - medium
F10 p < 0.0005 p = 0.424 - medium
F11 p < 0.0005 p < 0.050 - moderately low
F12 p < 0.0005 p = 0.381 - medium
F13 p < 0.0005 p = 0.896 - medium
F17 - p = 0.308 p < 0.0005 medium
F18 - p = 0.521 p < 0.005 medium
F19 - p = 0.322 p < 0.0005 medium
F20 - p = 0.068 p < 0.005 medium
F21 - p < 0.05 p < 0.05 moderately high
The Chi square results of comparing feature settings with their surrounding bounds
are reported in Table C.3. Although most of feature settings appeared to be at the
medium level of effect, there were some features with moderately low (e.g. F3 for
“information repetition”), and moderately high (e.g. F21 for “remembering sender”)
effects. From Table C.3, feature settings that have previously been used to identify
re-finding task differences (“information granularity”, F9 and F12) appeared at the
medium level of effect. This confirms that Elseweiler and Ruthven’s chosen feature
of information granularity can be important in differentiating tasks from each other.
However, no significant differences were obtained at the high level of effect. In com-
parison to information granularity “search goal” and “search strategy” (F18, and F17)
achieved greater mean category values of task differences (Figure C.1). These features
have been highlighted in past research for differentiating tasks (Broder, 2002; Teevan
et al., 2004). However, they could not reach a significant high effect level (Table C.3).
A moderately high level of effect was obtained by “remembering sender”, F21, among
the feature settings with a large mean category value. Such features can be employed
to identify more diverse tasks. On the other hand, features with a low effect on task
differences can facilitate task comparability. As an example, “access recency (week vs.
month)”, F2, achieved a moderately low effect, which can be considered for identify-
ing comparable tasks. However, the other feature settings of access recency, “day vs.
week” and “month vs. day” are at the medium level of effect, and therefore less likely
to lead to comparable tasks.
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In further relative comparisons between feature settings, “access frequency”, F13,
achieved higher effect than “access recency” (week vs. month). This suggests that in
some settings, how frequently the target information has been accessed can be more
important than how recent the access was. Moreover, what users remember about the
target information has different effects in differentiating search tasks. For example,
“remembering the sender of an email message” has moderately high effects, while “re-
membering other recipients”, F11, does not indicate a large difference between tasks.
This knowledge about feature settings can reveal signals regarding the search experi-
ence of users and the potential improvement for systems. As an example, remembering
the sender of target information highly influenced the user’s experience. Re-finding
systems need to improve the experience of users in the absence of remembering such
information. These signals can be further explored to develop more effective personal
search systems.
Overall, the new knowledge on the effect of feature settings facilitates addressing
two main issues on identifying both diverse and comparable tasks. In future work, we
aim to expand this work to identify feature settings with different levels of effects, and
to propose more fine-grained bounds for distinctions within settings at the medium
level.
C.4 Implications and Discussions
The knowledge acquired in this chapter can facilitate task comparability, in terms
of features that are effective either in similarities or differences between tasks. This
knowledge can be worth considering in differentiating tasks, as it was achieved by
the perceptions of searchers themselves. This is particularly useful for task-based
evaluations in the personal context, where evaluation results cannot be generalized
due to the lack of comparability across different users’ tasks.
Different features can be compared to each other in terms of their level of effective-
ness in differentiating tasks. This advances our understanding of the relation between
features and search tasks substantially, since in past research, re-finding task differ-
entiation were mainly studied with the aim of classifying tasks based on a limited
number of features (e.g. a study by Elsweiler and Ruthven (2007)).
The perception-driven data gathered from this chapter can provide better un-
derstanding for further experimental designs to propose an automatic approach in
identifying task differences. Besides comparability and generalization, the reviewed
features could be helpful in simulating similar or different search contexts to be used
for evaluation purposes. This is in line with the simulated work task situation model
proposed by Borlund and Ingwersen (1997), but more fine-grained at the level of task
features and with a focus on differentiating tasks.
Note that in this chapter, we asked users to tell us about their re-finding experience.
As a complementary study, users can perform re-finding tasks and then compare the
differences, rather than only report what they perceive from their search experience.
A way of simulating re-finding tasks can be based on human computation games.
DocTrack (Kim and Croft, 2010) or MemRecap (Lee et al., 2012) games have been
used in past research in simulating re-finding tasks. These games are based on a)
showing a set of documents to users, b) selecting a document randomly, and c) asking
users to find that particular document. The performed tasks can be compared and
C.5. SUMMARY 205
characterized by users based on the underlying re-finding features. The comparison
results can be associated with underlying task features.
However, as the aim of this chapter was to show the discriminative power of
features in differentiating tasks, we conducted a simplified version of the experiment.
We further study real users’ re-finding tasks, which are discussed in Chapter 6.
C.5 Summary
This chapter presented an initial experiment investigating the influence of features in
task differentiation to facilitate diverse coverage and comparability of re-finding tasks.
In this experiment, a series of search features was examined by testing user percep-
tions of the similarity or differences between tasks, as differentiated by the specified
feature. A wide range of the features was perceived by users to be indicative of dif-
ferent search tasks. Although features that have previously been used to identify task
differences were influential, other features achieved higher effects in terms of enabling
task differentiation. On the other hand, features with low effect in task differences
could potentially be used for identifying comparable tasks. In next chapters, we focus
on re-finding behaviour in differentiating tasks.

Appendix D
Description of Re-finding and
Difficulty Prediction Features
The descriptions of features used to detect re-finding and difficulties are summarized
in Table D.1.
Table D.1: The description of features used to detect re-finding and difficulties.
Each feature could be related to either original goal: †, or re-finding goal: ‡,
or a relative difference between both goals: ∗.
Baseline query level features (cor-
responding to the study proposed
by Teevan et al. (2007))
Description
equal query class ∗ The corresponding class of Teevan’s classifica-
tion for equal queries occurring in original and
re-finding goals.
equal query elapsed time ∗ The elapsed time between equal queries.
equal query length ∗ The length of equal queries in terms of number
of characters.
equal query no. of original clicks † The number of clicks of the equal query in the
original goal.
equal query no. of common clicks ∗ The number of common clicks of equal queries
between the original and re-finding goals.
equal query no. of original uncommon
clicks †
The number of clicks for the equal query in
the original goal that are not common with the
clicks of the equal query in the re-finding goal.
General web search (related) dif-
ficulty features
Description
goal length in no. of both queries and
clicks ‡
The sum of both query and click counts in the
goal.
goal length in no. of unique/all queries
‡
The number of unique (not repeated)/ all (in-
cluding repeated) queries in the goal.
goal length in no. of unique/all clicks
‡
The number of unique (not repeated)/ all (in-
cluding repeated) clicks in the goal.
mean no. of clicks across all queries ‡ The average number of clicks for all the queries
in the goal.
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time to the first click ‡ The spent time to the first click in the goal.
min/max/mean time to the first click
of all queries ‡
The minimum, maximum, and average spent
time to the first click for all queries in the goal.
min/max/mean inter-query time ‡ The minimum, maximum and average spent
time between queries in the goal.
min/max/mean inter-click time ‡ The minimum, maximum, and average spent
time between clicks in the goal.
no. of engaged clicks (dwell time >30
seconds) ‡
The number of clicks in the goal with dwell time
greater than 30 seconds.
no. of clicks on next page ‡ The number of clicks in the goal that are not
in the first result page.
ended with query ‡ A boolean feature that indicates whether the
goal has ended with a query or not.
exist advanced query syntax (e.g.
quotes) ‡
This boolean feature indicates whether ad-
vanced options are used in issuing the query.
The advanced options include quotes, +, and
field operators.
queries per second ‡ The number of queries over total spent time in
the goal.
clicks per query ‡ The number of clicks over the number of queries
in the goal.
fraction of queries for which no click ‡ The number of queries in the goal for which
there is no click over the number of queries with
at least one click.
time span of goal ‡ The total spent time in the goal.
Extended re-finding features Description
query overlap/URL overlap ∗ The corresponding class of the re-finding goal
based on the query/click commonalities with
the original goal. All classes have been ex-
plained in Table 4.3.
no. of common/uncommon/all clicks †
‡
The number of clicks in the goal in three main
categories of common clicks, uncommon clicks,
and all clicks.
mean query length of common/all
clicks † ‡
The average length of queries corresponding to
the common clicks and all clicks.
mean no. of query common/all clicks
† ‡
The average number of queries corresponding
to the common clicks and all clicks.
mean no. of uncommon clicks of all
queries † ‡
The average number of uncommon clicks across
all queries
mean no. of uncommon clicks of com-
mon click queries † ‡
The average number of uncommon clicks for
queries with common click
days between paired goals ∗ The time gap between the paired goals in terms
of the number of days.
effective search time † ‡ ∗ The total dwell time after queries and those
clicks that have low dwell time (less than 30
seconds).
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total dwell time after all queries † ‡ The total dwell time spent after submitting
queries.
total dwell time after all clicks † ‡ The total dwell time spent after clicks.
total time to reach to the first common
click † ‡
The total amount of time spent to reach to the
first common click between the goals.
rank of the first reached common click
† ‡
The rank position of the first reached common
click between paired goals.
mean reciprocal rank of common clicks
† ‡
Given each common click as the potential target
document, the reciprocal rank of each common
click is calculated and then averaged over all
common clicks.
rank of the last click † ‡ The rank position of the last click of the goal.
no. of non-first-page ranked clicks in
common/all clicks † ‡
Within common and all clicks, the number of
clicks where they are not located in the first
page result.
all common clicks skipped † ‡ A boolean feature which indicates whether
whether there is a click at a lower rank, fol-
lowed by the all common clicks at higher ranks.
exist jumped common clicks † ‡ This boolean feature investigates whether there
is a common click, followed by a click at a
higher rank.
exist non-sequential clicks † ‡ This feature investigates whether search results
are clicked in a non-sequential way, rather than
from top to bottom of the result page.
mean dwell time/relative dwell time of
common clicks † ‡
The mean dwell time is based on the average
time spent on common clicks; whereas, the rel-
ative dwell time is computed in terms of the
fraction of click dwell time to the total time-
span of the goal.
no. of repetitions of common clicks † ‡ The number of times that common clicks have
been re-visited in the goal.
fraction of queries with no common
clicks † ‡
The fraction of queries to which no common
click exists in compariosn to teh corresponding
goal.
re-finding is longer than original in
length ∗
This feature investigates whether the re-finding
goal is longer in terms of the sum of the number
of queries and number of clicks.
re-finding is longer than original in no.
of queries ∗
This feature investigates whether the re-finding
goal is longer in terms of the number of queries.
re-finding is longer than original in no.
of clicks ∗
This feature investigates whether the re-finding
goal is longer in terms of the number of clicks.
re-finding missed engaged later clicks
in original ∗
This feature is true if, after some common
click, there are engaged clicks (with dwell time
greater than 30 seconds) in the original goal
that have not been clicked in the potential re-
finding goal.
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first query transformation type within
pairs ∗
This feature measures the differences between
the initial queries of original and likely re-
finding goals (based on traditional query re-
formulation types: “exactly the same”, “er-
ror correction”, “specialization”, “generaliza-
tion”, and non-trivial transitions considered as
“other”).
exist common click in different ranks
within pairs ∗
This feature investigates the existence of differ-
ences in the rank position of the common clicks
between the paired goal.
common click in relation to the last
click ∗
This feature examines whether a common click
occurred in the last click of either the original
or the potential re-finding goal.
mean relative goal position of common
clicks † ‡
The position of common clicks measured over
the total length of the goals, and then the av-
erage of the relative positions are computed.
min/max goal position of common
clicks † ‡
The minimum and maximum of the positions
of common clicks in the goal.
mean relative common clicks goal po-
sition (early, middle, late) † ‡
This feature is the categorized version of the
“mean relative goal position of common clicks”
in relative to the length of the goal, whether the
position of the common click is in the initial of
the goal (i.e. early), or in the middle of the
goal (i.e. middle), or towards the end of the
goal (i.e. late).
goal length in no. of both queries and
clicks † ∗
The number of both queries and clicks in the
goal.
goal length in no. of unique/all queries
† ∗
The number of unique (not repeated), and all
(might include repeated) queries in the goal.
goal length in no. of unique/all clicks
† ∗
The number of unique (not repeated), and all
(might include repeated) clicks in the goal.
mean no. of clicks across all queries † The average number of clicks for all the queries
in the goal.
time to the first click † The spend time to the first click in the goal.
min/max/mean time to the first click
of all queries †
The minimum, maximum, and average spent
time to the first click for all queries in the goal.
min/max/mean inter-query time † The minimum, maximum and average spent
time between queries in the goal.
min/max/mean inter-click time † The minimum, maximum, and average spent
time between clicks in the goal.
no. of engaged clicks (dwell time >30
seconds) †
The number of clicks in the goal with dwell time
greater than 30 seconds.
no. of clicks on next page † The number of clicks where they are not located
in the first page result.
ended with query † ∗ A boolean feature that indicates whether the
goal has ended with a query or not.
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exist advanced query syntax (e.g.
quotes) † ∗
This boolean feature indicates whether ad-
vanced options are used in issuing the query.
The advanced options include quotes, +, and
field operators.
queries per second † ∗ The number of queries over total spent time in
the goal.
clicks per query † ∗ The number of clicks over the number of queries
in the goal.
fraction of queries for which no click †
∗
The number of queries in the goal for which
there is no click over the number of queries with
at least one click.
time span of goal † The total dwell time spent in the goal.

Appendix E
Approval Letters for Human Ethics
Applications
In this appendix, the approval letters of human ethics applications are presented.
The approval letters for application number “63-11” is related to user experiments
that were reported in Chapter 3 and Appendix C. The other application, “64-13”, is
related to the experiment that was reported in Chapter 5.
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